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Abstract 

Fossil fuel-based power generation contributes significantly to global warming. To 

decarbonize the electric power generation, a significant amount of renewable energy sources 

(RES) based-distributed generation (DG) units will be connected to the grid. High penetration of 

RES-DG units connected at different grid levels will provide technical merits if properly planned 

and operated. The concern, however, is how to guarantee the security of the grid with high 

penetration of RES-DG, considering the characteristics of the power grid and the behaviours of 

the connected RES-DG units under both steady-state and transient conditions. Penetration of DG 

units creates an active distribution system (ADN) with several impacts within the ADN and the 

transmission-distribution network boundary nodes. Variability of the grid load levels and power 

generation from RES-DG units will also impact the grid security. Voltage fluctuations, reverse 

power flow, power intermittency, and harmonics increase are some of the effects of high 

penetration of RES-DG units on the distribution network. The absence of mechanical inertia 

support from the RES-DG units during grid disturbance reinforces the need to be concerned about 

the penetration level. It is therefore important to understand the specific impact of high penetration 

of RES-DG units on the security of the different levels of the grid. The knowledge obtained will 

help operators plan toward increasing the penetration level of RES-DG units and apply 

appropriate measures and suitable control schemes to mitigate arising stability issues due to the 

high penetration. 

This PhD research aims to assess the security impact of high penetration of RES-DG units 

on modern grid operations. The security assessment and proposed models border three key 

integrated grid sections: the transmission network, the distribution network, and the transmission-

distribution network boundary. The results of investigating the impacts of RES-DG unit 

operations on the identified grid sections are presented in separate chapters. Two chapters are 

dedicated to the offline and online assessment and prediction of the security of the transmission 

grid. 

Chapter 1 provides the background of this thesis. Also, it contains the research gaps, 

objectives, and specific contributions of the thesis. Chapter 2 provides a comprehensive literature 

review of the security impact of active distribution networks on modern grid operation. Chapter 

2 also reviews the technical impacts of RES-DG penetration into the grid and discusses the role 

of renewable energy source generation in the grid transition. It also presents a comprehensive 

review of proposed techniques to limit the security impacts on the three identified grid sections. 

Lastly, it identifies several research gaps and drawbacks that eventually formed part of the 

research question in this thesis.  

The proposed methods start with the optimal placement of RES-DG units in a distribution 

network in Chapter 3. The method in Chapter 3 involves developing a decision tree classification 
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technique to optimize the network's security indices under the nodal hosting capacity and PVDG 

capacity constraints. The security indices considered in this paper are the branches' risk index (RI) 

and power loss (PL). The proposed method is a robust machine learning approach with 

deterministic and probabilistic security indices to determine the optimal placement of PVDG 

units. Chapter 3 also analyses the impacts of the different PVDG units' voltage control modes on 

the performance of the distribution network. 

Chapter 4 presents a method to assess, classify and predict the security of the integrated 

grid using varying grid parameters with an offline machine learning approach. Firstly, an adaptive 

neuro-fuzzy inference system (ANFIS) suitable for real-time applications is developed to predict 

the critical clearing time considering varying load levels and grid inertia. Then, a continuous 

transient stability assessment technique is developed to generate the training dataset. A density-

based clustering via classification approach is proposed to label the dataset. Finally, a predictive 

model was obtained from the labelled dataset using a Naïve-Bayes (NB) probabilistic classifier. 

The advantage of the proposed technique in this chapter lies in considering the impact of the 

penetration of RES-DG units on the grid’s security and the wide range of contingencies 

considered. Also, prior knowledge of the grid’s security state is not required with the proposed 

clustering approach. 

After establishing the offline security assessment and prediction method in Chapter 4, 

Chapter 5 presents a framework for online security prediction and control for modern power grids. 

System operators must assess the grid's security for specific levels of inertia, load, RES-DG 

penetration, and fault location to plan, control, and operate the network securely. Unlike offline 

methods, an online security prediction framework can establish potential grid security in a 

reasonable time ahead. Thus, this chapter proposes an incremental machine learning training 

technique and intelligent security control system to ensure the grid's security. An incremental 

Naïve Bayes algorithm is applied to the training dataset developed from the responses of the grid 

to transient stability simulations. The intelligent security control system consists of a Gaussian 

process regression-based load shed value estimator. The proposed intelligent security control 

system ensures the grid's security for predicted insecure scenarios by estimating the load shed 

value to keep the operation of the grid in a security state. 

The coordinated operation between the transmission and distribution networks is 

necessary to ensure the security of the modern grid. Interaction must exist between transmission 

and distribution systems operators acting independently to maintain grid voltage within the 

individual networks. The operation of the modern grid involves the utilization of the flexibilities 

of the active distribution network to achieve voltage supports during grid disturbance. It is 

therefore vital to ensure security at the transmission-distribution network boundary during 

flexibility operations. Consequently, Chapter 6 develops a bi-level model (economic and 

technical objective levels) to achieve optimal flexibility operation. The economic objective is 
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achieved through a robust distribution network reconfiguration technique to minimize network 

losses. An improved decision tree classification technique is proposed for level two to determine 

the amount of flexibility in MW for optimal voltage support. The optimization problem in the 

first level is solved using a fmincon solver algorithm considering deterministic and probabilistic 

constraints. The proposed algorithm minimizes the power loss and optimizes the voltage support 

for specific grid operations. The thesis closes with Chapter 7, which presents the conclusion from 

the PhD research drawn from Chapters 2 to 6 and the future work and prospects to broaden the 

subjects addressed in this study. 
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Preface 

This thesis has been prepared at the School of Engineering, Computer and Mathematical 

Sciences, Auckland University of Technology, New Zealand, in fulfilment of the requirements 

for a Doctor of Philosophy (PhD) degree award. The work has been carried out from February 

2019 to September 2022 under the supervision of Dr Ramon Zamora and Prof Tek-Tjing Lie.  

The main goal of this thesis is to develop models to monitor and ensure the security of 

the modern power system with high penetration of renewable energy sources. A holistic approach 

to modern power system security is implemented by considering the security implications of RES-

DG operations on the active distribution network, the transmission network, and the transmission-

distribution boundary. An optimal RES-DG placement model was proposed for the distribution 

network to optimize the risk index and power loss while considering the hosting capacity. Offline 

and online security assessment techniques are developed for the integrated transmission 

distribution network. The impact of RES-DG operations at the T-D boundary during voltage 

support operation was also studied. The optimization models and security assessment techniques 

are intended to ensure the integrated transmission-distribution network's security with increased 

RES-DG penetration in the quest for a 100% renewable energy power grid.  

This PhD thesis follows the Auckland University of Technology (AUT) institution's 

doctoral thesis Format Two, also referred to as the “Manuscript Format”. The thesis comprises 

seven chapters. Apart from Chapters 1 and 7, which contain the thesis introduction and 

conclusion, Chapters 2 – 6 contain manuscripts either already published in a journal or submitted 

for publication. Consequently, some repetitions in the general introductions and technical 

discussions may be observed across some chapters within this thesis. Preambles are included 

between Chapters 2 – 6 to enhance the synthesis of the chapters of the thesis. The rest of each 

chapter is identical to the published journal article or submitted manuscript. Finally, Chapter 7 

contains the conclusion and major discussion of Chapters 2 - 6 and provides future work related 

to the security of the low inertia in modern and future networks. 
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1 Introduction 

1.1 Background and motivation 

Numerous driving factors influence the interest in renewable energy sources (RES)-based 

power generation systems. These factors include the demand for clean energy, demands for new 

electricity market policies for decentralization, and the demand for improved technical 

performances with new operating constraints [1]. In response to these demands, the shares of 

renewable energy sources-based power generation systems such as solar photovoltaic (PV) and 

wind turbine (WT) systems have significantly increased within the grid over the past few decades. 

The energy policies from several countries aim to achieve 100% power generation from renewable 

energy sources-based power generation units [2]. Consequently, many synchronous generators in 

the grid will be replaced with RES-distributed generation (DG) units connected to all grid levels 

[3].  However, as the penetration of the RES-DG units increases, several security concerns emerge 

due to the characteristics of the RES-DG units regarding the power production unpredictability and 

the lack of a non-mechanical connection to the grid. [4]. 

The concerns of high penetrations of RES-DG units into the grid can be summed up into 

intermittency, availability, and security challenges. The power output from the RES-DG units mostly 

depends on variable sources. The variability of the sources results in the intermittency of power 

generation, which could result in over-generation and under-generation.  The RES-DG units are 

connected electronically to the grid and do not have mechanical inertia to support the grid during 

major disturbances. Mechanical inertia is important to resist the sudden change in the grid frequency 

during power imbalances caused by a disturbance in the network. Consequently, replacing traditional 

synchronous generators with RES-DG units reduces the effective rotational inertia in the grid [5, 6]. 

Grids with high penetration levels of RES-DG units and reduced effective inertia are referred to as 

low inertia grids. Low inertia grids are vulnerable to several operational and security challenges [7], 

as recorded in recent partial and total blackouts events in [8-10]. In order to meet modern society's 

demands for increased energy efficiency and system security, the modern low inertia grid framework 

includes critical capabilities such as bidirectional power flow, inter-device communication, cyber 

and physical protection, automatic fault detection, and resilience. Upgrading the existing high-inertia 

traditional grid requires modernization of components as well as the development of new operation 

optimization and control techniques. Table 1.1 compares the traditional grid and the modern low-

inertia grid. 
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Table 1.1: Comparison between traditional and modern grid 
Traditional Grid Modern low-inertia Grid 
Limited demand-side participation Advance demand-side participation 
Uni-directional communication Bi-directional communication 
Centralized bulk generation Decentralized distributed generation 
Low penetration of RES-DG and ESS High penetration of RES-DG and energy storage systems 
Mechanical inertia Synthetic inertia 
Low ROCOF High ROCOF 
Limited sensors Abundant sensor 
High short circuit current Low short circuit current 

 

Modern system operators are committed to adopting effective techniques to mitigate the 

impact of disturbances in low inertia grids. The solutions will include techniques to estimate, 

monitor, and predict insecurities in the grid and determine appropriate control actions to ensure the 

grid’s security for insecure states. Although many grid security challenges emerge at high 

penetrations of RES-DG units into the grid, RES-DG units are also an essential part of several 

existing control techniques to enhance security and improve the grid's resilience. The control 

techniques, however, are applied at the alert/asecure system state as corrective measures to prevent 

the grid from entering the insecure states. Intelligent load shedding, demand-side participation, 

synthetic inertia, virtual power plant system, and flexibilities from an active distribution network are 

among the established control strategies employed to address the underlying operational and stability 

challenges in low inertia grids [11, 12]. 

The demands for the operation of the generation units connected to the distribution 

network increase with the demand for the distribution network's participation in grid’s security. 

The RES-DG units are the main components for power generation within the modern 

distribution network. The schemes to support the grid's security for long- and short-term ranges 

can be categorized into planning, operation, and enhancement schemes. For the modern grid, 

more emphasis should be on optimal planning of RES-DG units within the distribution network 

and optimal operation during flexibility services. The capabilities of the developed models 

should include multi-RES-DG penetration level assessments and dynamic network 

reconfiguration for effective flexibility operation during voltage support.  

The reduced equivalent inertia values and varying total power generation in the grid due to 

the high penetration of RES-DG units is a new concern for modern network operators. Also, the 

constant changes in grid load and occurrences of contingencies are other attributes considered during 

grid planning and operations.  The grid attributes, which used to be relatively constant, are now time-

varying, making the grid’s security state a time-varying phenomenon. If the system attributes can 

significantly change with time, then the security states will fluctuate between the defined security 

states with high unpredictability [13]. The varying security state of the modern grids is a new 

challenge facing modern grid operators. Consequently, there is a growing need for effective and 

accurate techniques for estimating, classifying, and hence, predicting the security states of the grid 
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for security control and enhancement [14]. An accurate grid’s security state prediction for every grid 

operating scenario can ensure the grid's security for the current RES-DG penetration level and 

increments in future penetration levels. 

Offline techniques have been established for the estimation of the security of the grid through 

the knowledge of the grid's response to transient disturbances with increased penetration levels of 

RES-DG units. The techniques involve algorithms to identify the state of the power system using 

identified pre-fault, during-fault, and post-fault parameters. For instance, offline methods such as in   

[15-17] classify the grid’s security using assessed and historical voltage values during events in the 

grid. Offline transient security assessment requires computations and often involves tedious steady 

and transient stability simulations. Therefore, offline security assessment and estimation techniques 

are not suitable for grid protection and control measures required for real-time operations. 

Consequently, online security assessment and classification techniques such as in [18, 19] are 

proposed using establishing algorithms that can monitor the security states of the grid and, therefore, 

can be used for protection and control in real-time.  

As security is becoming highly volatile in the modern grid, it is vital to consider a holistic 

view to ensure the security of the modern grid. Independent solutions may no longer be effective as 

the modern grid is highly integrated and characterized by a bi-directional power flow and information 

flow. A holistic and comprehensive solution will include models at the transmission and distribution 

network levels of the grid and at the boundary to ensure and enhance the security of the modern grid. 

Solutions for transmission networks would include security assessment, classification, and prediction 

models with varying grid attributes. Solutions for the distribution network would consist of active 

distribution network planning and operation models considering specific security objectives and 

constraints. At the boundary between the transmission and distribution networks, the solutions would 

include models for optimal flexibility operations for voltage, considering the boundary elements' 

security constraints. 

1.2 Research gaps 

The review of recent literature related to the security of modern grids with high penetration of 

RES-DG units indicates that: 

• There is a lack of security-based probabilistic objectives and constraints in the RES-DG 

placement problem formulation for the unbalanced distribution network in the literature.  

Most existing approaches only considered the steady-state voltage security of the grid. Many 

proposed transient security assessment techniques are computationally complex [19-21]. It is evident 

from the literature review that there is a need for an improved, less computationally complex model 

for optimal distribution network with RES-DG planning and operation. The new techniques should 
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be more effective, computationally less complex and considering both deterministic and probabilistic 

variables. 

• The roles of probabilistic security prediction models as a solution to the arising security 

challenges of grids with high penetration of RES-DG units have not been adequately 

explored.  

Although many techniques to assess the security of the emerging power grids exist in the 

literature, the impact of high penetration of RES-DG units on the time-changing equivalent inertia in 

the modern grid has not been thoroughly covered in the literature. For the secured operation of the 

modern grid with high penetration of RES-DG units, it is essential to have the capability to predict 

the security with respect to the transmission network, distribution network, and boundary elements 

during flexibility operations. The successful offline and online classification and prediction of the 

frequency and voltage response of the modern grid enables the grid operators to activate appropriate 

control measures as proposed in this thesis to ensure the security of the grid [11, 22-24] 

• Very little attempt to extend the online security predictor determinants to include varying 

parameters critical to the grids with high penetration of non-synchronous generators.  

Modern grid operators aim to securely increase the power generation from RES-DG units in 

order to achieve a close to 100% renewable energy grid. Therefore, there is a need to develop a new 

online security prediction and intelligent security control technique. The developed technique for 

ensuring the grid's security with respect to the transmission network should consider time-varying 

inertia, load changes, contingencies, and the impact of different types of RES-DGs while limiting 

the computation burden and time during predictions. Also, the security prediction model should 

consider easily computed grid features such as post-disturbance voltage, frequency, and power 

transfer. 

• There is need for more research to include probabilistic and security constraints in the 

reconfiguration problem formulation for optimal flexibility support from the distribution 

network.  

Many of the existing techniques focus only on economic considerations to minimize the cost of 

flexibility operation. Also, there are no models to mitigate the negative impact of flexibility 

operations on the grid’s security. New probabilistic security indices should be considered for RES-

DG penetration planning and flexibility operation to minimize the risk of insecurity associated with 

aggregated distributed energy resources operations. Enhanced interaction between the transmission 

and distribution network operators through optimal flexibility operations will ensure the security of 

the grid with RES-DG units. 
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1.3 Research questions and objectives  

Based on the challenges of the modern network due to reduced effective inertia, 

variabilities in power output, and increase in flexibility demand, this research work aims to 

develop models to assess, predict and ensure the security of the modern grid considering the high 

penetration of RES-DG and operations of the active distribution networks.  The models are proposed 

to address research questions concerning ensuring the security of the modern grid with high 

penetration of RES-DG units and enhancing the interaction between the future transmission and 

distribution system (TSs and DSs) for voltage controls. The proposed models are designed for the 

distribution network, transmission network, and the boundary between the two networks.  

The research questions addressed in this research are as follows:  

• How to assess and ensure the power grid's security under high penetration of RES-DG 

units, network contingencies, and other grid components? 

• How to enhance the interaction between the future transmission and distribution system (TSs 

and DSs) for voltage control? 

The specific research objectives developed from the research questions are listed below: 

• To develop a RES-DG optimal placement technique in an unbalanced distribution network 

considering novel security objectives. The developed method helps to assess the impact of 

penetration of RES-DG units on the voltage risk and to minimize the network power loss. 

• To develop an offline security clustering and classification technique using grid post-

contingency response information. The developed technique considers different RES-DG 

types, several RES-DG penetration levels, and different contingencies and faulted elements. 

• To develop an online security prediction technique with varying grid attributes compared to 

existing security classification. The technique predicts the grid's security with varying inertia, 

load level, fault locations, and dispatch from RES-DG units. 

• To develop a technique to optimize the flexibility of the active distribution network for 

voltage support at the transmission and distribution boundary. The developed method will 

help DSO to determine the best distribution network reconfiguration to obtain the optimal 

impact during flexibility operations. 

1.4 Contributions 

The work presented in this Ph.D. thesis is in the form of manuscripts, where each manuscript 

has unique contributions to the body of knowledge related to the security of the modern grid with the 

varying penetration of RES-DG units. In response to the research gaps identified in the literature, the 

contributions of this thesis are highlighted as follows: 
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• A security-constrained optimal RES-DG placement technique using a decision tree 

classification approach with novel indices. The technique considers deterministic and 

probabilistic variables and the impact of various RES-DG local voltage control modes, which 

have not been considered in the literature. 

• A novel grid security state prediction technique using density-based clustering and a 

probabilistic machine learning approach.  The technique proposes an algorithm for dataset 

development that considers the penetration levels of different types of DGs and contingencies 

on the elements in the network. 

• A state-of-art online security prediction and control method using an incremental machine 

learning model training process. The method uses time-varying grid attributes which are not 

considered in the literature for online grid security prediction. 

• A novel bi-level security-constrained method for optimal flexibility operation for voltage 

support. The proposed method considers the economic and technical objectives at separate 

levels to determine the optimal voltage flexibility operation points. 

1.5 Thesis outline 

This PhD thesis follows the Auckland University of Technology (AUT) institution's doctoral 

thesis Format Two, also referred to as the “Manuscript Format”. Chapter 1 presents the overall thesis 

introduction. Chapter 2 covers a literature review on the existing technique for assessing the security 

impact of increased penetration of RES-DGs into the grid and methods to ensure the grid's security 

considering the modern grid's new dynamics. An optimal RES-DG placement technique is presented 

in Chapter 3. Chapter 4 consists of the offline security clustering and classification for the integrated 

transmission-distribution network. A framework for online security prediction with varying grid 

attributes is presented in Chapter 5. Furthermore, Chapter 6 presents the optimization of flexibility 

operation for voltage support in modern networks. Finally, the summary of the conclusions from 

each chapter and considerations for future research related to the security of the modern grid are 

presented in Chapter 7. Error! Reference source not found. below shows the thesis structure, the 

chapter titles, and the titles of the manuscripts for Chapters 2 - 6.  
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Figure 1.1: Thesis structure 
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2 Manuscript 1: Literature Review 

Preamble 

Chapter 2 presents the motivation for undertaking this research, focusing on the discussions 

and studies presented in subsequent chapters. As the effective inertia in the modern grid becomes a 

varying attribute due to changing penetration levels of renewable energy sources-based distributed 

generation (RES-DG) units, effective grid security assessment, prediction, and enhancement 

techniques are needed. The chapter opens with a discussion of the role of RES-DG in the emerging 

power grid. The review of the technical impacts of RES-DG is presented afterward. The chapter also 

reviews and discusses existing recommendations to limit the negative impacts of high penetration of 

RES-DG units and maximize the benefits of the RES-DG units. Also, it examines existing research 

trends to support high penetration of RES-DG with a focus on components and interaction between 

the integrated transmission and distribution networks to achieve a 100% renewable energy grid. The 

survey emphasizes the significance of interaction of models for ensuring the grid's security at both 

distribution and transmission levels. Lastly, Chapter 2 also reinforces the need to develop offline and 

online security prediction models considering artificial intelligence algorithms. 
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Abstract: The future grid will include a high penetration of distributed generation, which will have 

an impact on its security. This paper discusses the latest trends, components, tools, and frameworks 

aimed at 100% renewable energy generation for the emerging grid. The technical and economic 

impacts of renewable energy sources (RES)-based distributed generation (DG) on the emerging grid 

security are also discussed. Moreover, the latest approaches and techniques for allocating RES-DG 

into the distribution networks using specific performance indices based on recent literature were 

reviewed. Most of the methods in recent literature are based on metaheuristic optimization algorithms 

that can optimally allocate the RES-DGs based on the identified network variables. However, there 

is a need to extend these methods in terms of parameters considered, objectives, and possible 

ancillary support to the upstream network. The limitations of existing methods in recent literature 

aimed at ensuring the security of the integrated transmission-active distribution network under high 

RES-DG penetration were identified. Lastly, the existing interaction methods for voltage and 

frequency control at the transmission and active distribution system interface were also investigated. 

Relevant future research areas with a focus on ensuring the security of the emerging grid with high 

RES-DG penetration into the distribution networks are also recommended. 
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2.1 Introduction 

Fossil fuel-based power generation has raised serious global environmental concerns due to 

the excessive amount of emission it contributed, thereby depleting the ozone layer and resulting in 

many more consequences. The increase in CO2, which is a major greenhouse gas (GHG), has been 

predicted to hit 45 billion metric tons by 2040 [25] [1]. About 77% of GHG comes from power 

systems and industries. Some power systems are driven by safety while some are driven by 

economics. Economics-driven power systems are occasionally operated close to their security limits. 

Occasional overloading of the transmission lines, voltage stability issues, system frequency 

fluctuations, power quality issues, and large active and reactive power losses are some of the 
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challenges faced by the present grid. Many blackouts have been reported as a result of insufficient 

generation and transmission capacities coupled with the weakened transmission infrastructure and 

aging components [26][2]. With the global power demand being estimated at around 770 TW by the 

year 2050 [27][3], the present grid may be incapable of supporting the future power system 

requirements and dynamic load growth within the required security limits. 

In addition to reducing the carbon footprint of the power generation, the incorporation of 

renewable energy generation into the present grid can significantly improve its performance and 

reliability. Policies have been adopted by several countries in line with the millennium development 

goals regarding the environment and global warning to significantly increase the amount of power 

generation from renewable energy sources. The successes claimed by many countries on high 

penetration of renewable energy power generation may be attributed to small and isolated grids with 

relatively small loads. In addition, in many scenarios, power is generated through big hydro and 

geothermal plants. These power generation systems may be considered as a central generation where 

penetration of distributed generation (DGs) systems will have no significant impact on the security 

of the grid. Major security challenges emerge at high penetration of renewable energy sources 

distributed generation (RES-DG) into the grid. 

The benefits of RES-DGs are contingent on the optimal planning and operation of the 

appropriate type of RES-DG. With advancements in power electronics, modern RES-DGs do not 

only generate energy but also provide the system operators with new capabilities to support the 

transmission system. Several RES-DGs can be aggregated and operated as virtual power plants 

(VPP) to provide frequency control under contingencies. Optimal planning of RES-DG involves the 

allocation and penetration levels into the distribution systems. Optimal allocation of RES-DGs 

reduces the power loss within the distribution system and also improves the distribution network 

voltage profile. 

Unlike the conventional distribution network, which merely receives power from a 

transmission or sub-transmission network, an active distribution network has a power generation 

within it. The active distribution network operators proactively manage medium and small-scale 

renewable energy and non-renewable energy source DGs to achieve efficient operation. High 

penetration of RES-DG may increase power quality issues and protection challenges within the active 

distribution system. Considering that the emerging power grids will contain high penetrations of 

RES-DGs, it is therefore important to employ support technologies and schemes to limit the negative 

security impacts. Enabling and support technologies include improved energy storage systems (ESS) 

and enhanced communication systems. Interaction schemes between the transmission network and 

active distribution networks for voltage and frequency controls will ensure the security of the 

emerging grid. Through these support tools and schemes, the emerging grid may be able to operate 

securely under high penetrations of RES-DG. 
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To this end, this paper is focused on issues surrounding the high penetration of small 

renewable energy generation into the distribution systems where the impacts on the grid’s security 

are significant. The contributions of this paper include: 

• A comprehensive technical discussion on the trends of energy storage systems (ESS) and 

other supporting components in the quest for a 100% renewable energy grid. 

• A review of the existing techniques, optimization objectives, and algorithms for optimal 

RES-DG allocation in the literature within the last 10 years. 

• A review and analysis of existing voltage and frequency flexibility interaction techniques to 

support the increased penetration of RES-DGs. 

The rest of this paper is organized as follows. Section 2.2 discusses the role of renewable 

energy sources in the power grid transition. In Section 2.3, the technical impacts of high penetration 

of RES-DG into the grid are discussed. The review of existing methods and techniques to limit the 

impact of RES-DG penetrations is presented in Section 2.4. Section 2.5 discusses and reviews the 

trends in technology and tools to ensure the security of the grid under high penetrations of RES-DG. 

Section 2.6 contains the conclusions from the reviews and the recommendations for future research 

areas based on the limitations of the existing techniques. 

2.2 Grid Transition 

Over the last two decades, the number of power system blackouts has continuously increased 

[9, 26]. This increase is a result of continuous load growth and the challenges in the 

transmission/distribution systems. One of the immediate solutions to reducing the number of 

blackouts is to increase investments in all the subsystems of the grid. Consequently, deregulation and 

decentralization policies were adopted to encourage private sector participation, thereby increasing 

investments in the power grid. Deregulation of the electricity market is aimed at improving the 

reliability and efficiency of the grid from the network planning stage to network operations. Before 

decentralization, central generation (CG) and centralized control have been the major power 

generation and control methods, respectively. Under the CG method, large generating stations are 

sited remotely from bulk consumers but close to their turbine drive source due to environmental and 

economic constraints. The power generated is instantaneously transported via long transmission lines 

to the consumers. Although not a new concept, distributed generation (DG) methods have acquired 

extensive acceptance due to grid decentralizing as well as the disadvantages of CG in terms of high 

power loss and investment cost. DG methods are therefore intended to reduce the cost of power 

delivery and enhance the reliability of power despite the load growth. The pros and cons of the CG 

and DG methods considering technical and economic impacts are extensively discussed in [28] 
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2.2.1 The Emerging Power Grid 

The emerging grid is envisioned as an integration of smart components, networks, and 

subsystems under decentralized control to provide benefits for consumers and utilities. At the 

subsystem level, the emerging grid may be realized or classified into smart infrastructure subsystem, 

smart information subsystem, smart protection subsystem, management subsystem, and smart data 

communication subsystems. The infrastructure subsystem is responsible for the secured bi-

directional flow of power and information between the producers, consumers, and control systems. 

The major unit in this subsystem is the smart energy which consists of the smart generation, 

transmission, and distribution units [29]. The smart generation units will harness the potentials of 

renewable energy sources distributed generation systems. The aggregation of RES-DGs advances 

the concept and feasibility of virtual power plants (VPP). Virtual power plants are DGs with an 

aggregated capacity equivalent to the large CG systems. The concept of VPPs provides extra benefits 

such as reliability, flexibility, and quick response to fluctuations compared to CGs. However, the 

operation and control of VPPs require complex techniques to become beneficial [30]. 

The emerging power grid will include high penetration of RES-DGs due to economic, 

environmental, and technical reasons. RES-DGs are classified from small (micro) to large-sized 

renewable energy source power generators sited close to the consumers, thereby eliminating the need 

for long transmission, and significantly reducing power losses. RES-DG are tied to the grid through 

electronic converter systems due to the absence of rotating mechanical inertia. Consequently, they 

are often regarded as non-synchronous generators. Table 2.1 gives a summary of the types of DGs 

with related characteristics of the RES type, energy storage, and compensation systems by unit 

capacities. 

Table 2.1: Summary of distributed generation by Capacity [31] 

+ Generate − Absorb. 

The strong correlation between global power demand and CO2 emission forecasts 

necessitates the shift in the power generation framework. This framework change is aimed at 

reducing the fossil fuel-based power supply to achieve the global vision in response to climate 

change. Renewable energy sources (RES)-based distributed generation (DG) provides the best 

solution for future power generation considering the technical and environmental challenges. Several 

countries have designed and adopted policies to gradually increase the penetration of the RES-DG 

in respective power systems. Figure 2.1 shows the total global installed and available capacity of 

power generation from RES-DG by leading countries, as of 2017. Despite China, Germany, and 

Classification Capacity RES 
Type 

Active 
Power  

(P) 

Reactive 
Power  

(Q) 
Example 

Micro DG 1 W to < 5 kW A + 0 PV, Battery, and Fuel cell 
Small DG 5 kW to < 5 MW B 0 ± Condensers and capacitors 

Medium DG 5 MW to < 50 MW C + + Mini hydro 
Large DG 50 MW to < 300 MW  D + − Wind turbine 
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Japan having the largest installed and available capacities, Spain and India have the relative highest 

proportion of available-to-installed capacity. The persistent question, however, is how to ensure the 

security of the emerging grids with significantly increased levels of RES-DG clusters into the 

distribution networks. 

 
Figure 2.1: DGs installed and available capacities by countries [32] 

Several terms such as smart grid, future grid, and intelligent grid have been used to describe 

the emerging power system. Simply put, the emerging grid entails a transformation from the 

conventional grid framework to an information-controlled, data-enabled, and highly interconnected 

network between producers and consumers of electric power embracing new technologies in 

transmission, distribution, and generation [33]. The objective is to operate a network to provide 

abundant, affordable, clean, efficient, and reliable power. The expected benefits of the emerging grid 

are not limited to reliability and efficiency improvements, but also include a strategic contribution to 

reduce global carbon emissions. The drivers of the emerging power grid can be categorized into 

network decentralization, generation decarbonization, and information digitalization, as shown in 

Figure 2.2. 

 
Figure 2.2: Drivers of the future power grid. 
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Decentralization of power generation through distributed generation systems and energy 

storage systems reduces the power losses and subsequently the cost of power delivery. Renewable 

energy systems and electric vehicles are aimed at reduction of greenhouse gases contribution from 

power generation and transportation, respectively. However, indiscriminate and uncontrolled 

charging of large numbers of electric vehicles increases the load on the network and causes stress on 

the grid. Charging models and algorithms have thereby been proposed to limit the impact of EVs on 

the grid [34]. The modern grid will also take advantage of the availability of IoT devices and 

advancements in artificial intelligence algorithms for operation prediction. The security problems of 

the grid due to threats and attacks will also be limited due to modern security and blockchain 

technologies. The physical components of the emerging grid must be well integrated and coordinated 

through the distributed control centers. The control centers of the modern grids will be capable of 

ultrafast data acquisition, processing, and command redistribution. Also, the control modules will be 

expandable, scalable, and adaptable to changing architecture, services, and tools [35]. 

Another description of the emerging grid is the concept of a digital grid. The grid is divided 

into smaller units called grid cells which will be connected by digital routers. This is similar to the 

energy ethernet model. The following three key technology capabilities are crucial for these models 

to be feasible: the plug-and-play interface, information router, and an open-ended utility program 

[36, 37]. While there is significant progress in the applications of solid-state transformers (SSTS) as 

energy routers, the RES-DGs must also be able to operate in the plug-and-play mode. The ability of 

small, distributed resources and storage systems to operate in the plug-and-play mode will improve 

the resilience of the grid in terms of demand response, grid resilience, and restoration. The multi-

criteria optimization problems proposed for grid restoration after major blackouts will also be 

significantly simplified if the major grid components can operate in the plug and play mode. 

Power delivery will be achieved through an integrated transmission system–distribution 

system (TS/DS) consisting of FACTS devices, HVDC systems, voltage control devices, synchro 

phasors, and communication devices. The operators for each network within the integrated grid must 

operate within guidelines and code specific to the responsibilities which are aimed at achieving 

efficient power delivery. Figure 2.3 shows an example of the emerging grid consisting of large 

renewable energy generations, distributed renewable energy generation, and electric vehicles. The 

electric vehicles can also interact with the active distribution networks in the vehicle to grid (V2G) 

mode, thereby supporting the grid during peak load demand periods. The coupling point for the 

renewable energy generation systems to the grid depends on the type and generation capacity. 
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Figure 2.3: Model for the emerging power grid. 

The function of the emerging grid includes bi-directional power flow between multiple 

voltage levels within a highly meshed network structure consisting of integrated AC and DC 

networks. Voltage and frequency control strategies in this multi-level model will be more complex 

compared to the single-voltage level AC-AC network within a grid. Research has been done to 

improve the efficiency of converters for this meshed model including HVDC and super grids [38]. 

A large part of the papers examined in [39] aimed to enhance the converters for bi-directional power 

flow control to ensure security and to improve the power quality in a high RES-DG penetrated 

environment. The distribution systems already have distribution FACTs devices (D-FACTS) 

designed to provide voltage support and power flow control at the medium voltage (MV) and low 

voltage (LV) levels. Therefore, as the idea of an integrated AC-DC grid develops, it is necessary to 

have the DC version of flexible AC transmission systems (DC-FACTS) [40]. The meshed AC-DC 

grid will be configured to operate in a fully accessible model for small-scale RES-DGs and storage 

technologies for cost-effectiveness and effective consumer participation. To ensure the efficient 

operation of emerging integrated networks, and to achieve the goal of RES-DG and energy storage 

penetration, there is a need to develop a reliable integrated network management system for hybrid 

AC-DC power flow. 

2.2.2 The Role of Renewable Energy Source in the Emerging Power Grid 

Architecture 

As the demand for clean and efficient energy increases, a significant amount of renewable 

energy source (RES)-based distributed generation (DG) will be added to the grid. The model of the 
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modern grid is based on the architecture of highly interconnected networks with the underlying 

component of the penetration of RES-DG systems. Synchronizing the operations of the RES-DG 

systems with the grid will ensure the future grid’s security. Solar PV, wind turbine, and hydro (mini) 

systems represent the bulk of RES-DG that is significantly viable for power generation. Figure 2.4 

provides a characteristic comparison of RES-DG using availability factors, environmental impact, 

and cost-benefit considerations. The unlimited supply and the cleanliness of the renewable energy 

sources are underlying positive factors across the types of renewable energy systems. However, the 

high construction cost of units of renewable energy systems is also a common factor to be considered 

at the active distribution network planning stage. 

 
Figure 2.4: Renewable energy considerations [41]. 

The applicability of RES-DG on the emerging grid considering scenario peculiarities is 

summarized in the model in Figure 2.5 showing a wide range of factors influencing the role of DG 

in future power systems. The security for a grid determined by the RES-DG penetration level, 

network configuration, and operation will be influenced by the weight attached to the choice factors. 
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Figure 2.5: Factors influencing RES-DG penetration. 

While it is certain that renewable energy systems will significantly reduce the power 

generation from fossil fuel-based generating plants, thereby reducing the greenhouse gases 

emissions, there are other environmental factors to be considered. Animals are removed from their 

natural habitats to acquire large landmasses for both PV and wind systems. The usage of a large area 

of land for PV and wind systems to generate a considerable amount of power also distorts the 

landscape. Furthermore, several bird species have been declared endangered after being killed by the 

rotors of wind turbines. Activities on the rivers and oceans have also been noted to disturb the ocean 

lives and may unbalance the natural order of life. The main economic factors considered among 

several others are the cost of power generation and the purchasing power of the consumers. In 

addition, incentives from governments and the subsidization of the initial construction costs and price 

of energy are taken into consideration. The technical factors considered are the impacts of renewable 

energy systems on the grid’s security, reliability, and protection. The decisions based on the technical 

factors are vital due to the inherent characteristics of the renewable energy sources generation 

systems. 

The power output of RES-DG clusters depends on the efficiency of the units. With the 

efficiencies of wind turbine generators now significantly improved, the efficiencies of the solar PV 

panel will also increase from 12-19 % to about 30-35% under favorable conditions [42]. The total 

installed capacity from renewable energy sources globally has increased by 50% between 2019 and 

2020 [43]. The European Union has revised its proposed renewable energy source penetration target 

from 27% to 32% by 2030. These values are expected to increase with the global increase in load 

demand. In line with the global millennium developmental goals concerning climate change, ref. [44] 

discusses cases of substantial levels of RES-DG penetration and arguments for a proposed increment 

in the future. 
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Many existing small and isolated power systems have already integrated renewable energy 

source generation. Penetration levels above 30% have been reported for many isolated power systems 

(IPS) [45]. The high penetration level is due to the certainty of achieving significant technical and 

economic benefits from a relatively small investment in renewable energy. Renewable energy 

generation has been employed in scenarios where electrification of islands through the HVAC and 

HVDC transmission system are not economically viable. With diesel generators as backup, many 

islands from developed countries are powered solely by renewable energy sources. Countries with 

large power grids like China, the USA, Brazil, and many countries in Europe including France, 

Germany have established policies supporting the penetration of renewable energy generation into 

their respective grids. China is the leading country with policies enhancing the rapid penetration of 

small and large renewable energy generation systems. One of the several policies is to encourage 

individual consumer rooftop PV installations. China’s total rooftop solar capacity was reported at 

5.27 GW in 2020, with total solar installations expected to reach 28-34 GW by the end of 2021 [46]. 

A leading country in rooftop solar photovoltaics (PVs) manufacturing, Germany has 

proposed increasing its solar and wind capacity from 120 to 215–237 GW after the withdrawal from 

the nuclear energy program. The renewable energy generation program has committed to 65% and 

80% renewable energy of the total electricity demand by the year 2030 and 2050, respectively [2]. 

To realize this level of penetration, the German government has continued to subsidize the costs 

associated with the installation of RES-DG for consumers [47]. The installed generation capacity of 

Brazil reached a total of 162.8 GW in the year 2018 out of which 83.3% is renewable energy. From 

the total installed renewable energy generation, 22.6% are penetrated into the low voltage networks. 

With the electricity demand forecast at about 300% increase of the demand from the year 2013 to 

2050, the penetration levels of wind power and solar power are projected to increase to 13.4% and 

97% respectively by the year 2026 [48]. For smaller power grids, the highest renewable energy 

sources distributed generation penetration of over 45% is recorded for Denmark. Renewable energy 

distributed generation also accounts for about 20% of the total electricity generation in Spain and 

Sweden [49].     

2.3 Technical Impacts of RES-DG Penetration 

The high penetration of RES-DG integration into the distribution network will significantly 

alter the structure of the network. Renewable energy sources distributed generation system 

transforms a traditionally passive distribution network into a multi-source active distribution 

network. The right RES-DG penetration into the distribution networks will reduce the overall 

network losses and enhance the voltage profile. The utilization of RES-DG by distribution system 

operators to manage the variability and uncertainty of demand and supply across different timescales 

is another advantage. This demand-supply management process is referred to as grid flexibility [50]. 

These flexibilities include network peak load shaving, load shifting, and valley filling [51]. The 

impacts of RES-DGs’ penetration in the active distribution network and the connected upstream 
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network are shown in Figure 2.6. The positive impacts of RES-DGs in this paper are discussed under 

the performance index. The most considered performance indices are voltage stability, reliability, 

and power loss. The negative impacts of RES-DGs are discussed under the power quality and 

protection challenges. Power quality challenges are mostly due to the variability of solar irradiance 

and wind velocity as well as the absence of mechanical inertia in RES-DG systems. Protection 

challenges are due to the absence of fault current limiting capability of RES-DG converters. 

 
Figure 2.6: Technical impacts of DG penetration. 

2.3.1 Power Quality Issues 

Penetration of RES-DG reduces the overall system inertia as the synchronous generators are 

replaced by non-synchronous generators. Although the frequency of the network and its derivatives 

are rarely affected at low penetrations of RES-DG, some results in the literature have proved that the 

rotor speed deviation, rotor speed oscillation duration, and deviation of electrical frequency increase 

due to the reduced inertia [6, 52, 53]. Research on the penetration of RES-DG is mostly developed 

under power loss and voltage objectives. Modern wind turbines are equipped with voltage control 

features through sophisticated power electronics which enables them to function as a conventional 

utility generator regarding voltage support for distribution and transmission systems. Consequently, 

the focus should be on frequency response which is significantly impacted due to the reduced overall 

mechanical inertia. The stochastic characteristics of RES-DG and load variability necessitate the 

consideration of the local voltage and frequency constraints during active distribution network 

planning. To minimize the occurrences of local frequency instability, the penetration of RES-DG 

into the distribution network should be based on the grid's power-frequency characteristics. Also, the 

boundary of penetration of RES-DG should be defined under different scenarios of generation 

fluctuation and reserve capacity [54].  
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Another    Another challenge of the high penetration of RES-DG on the active distribution 

network is its impact on the voltage and its waveform. The impact on voltage can be grouped into 

temporary voltage change and voltage step change. Temporary voltage change which includes 

voltage sags and swells is caused by the sudden drop in the root mean square (RMS) voltage and is 

characterized by a slow recovery to a new steady-state voltage magnitude. Voltage sags and swells 

mostly occur during the fault period in the distribution network with large loads. The voltage step is 

the rapid changes in RMS voltage levels due to changes in active and reactive power levels. Voltage 

step usually follows a system switching, unintentional islanding, unplanned outage of loads, 

unplanned outage of reactive power compensators, and line contingencies [55]. The overall power 

factor from a cluster depends on the instantaneous power scheduled from the different RES-DG 

types. Voltage step constraints have the greatest impact at lagging RES-DG cluster power factors, 

while operation at leading power factor tends to minimize the voltage problems [56]. Under the 

requirements of ANSI C84.1-2011 1995 from the IEEE Standards Coordinating Committee 21, the 

operations of DG should not cause voltage instabilities within the distribution network, at the point 

of common coupling (PCC) of clustered RES-DGs, and the TS-DS interface [57]. This is critical for 

time-varying voltage-dependent loads which are usually ignored by most studies. The impact of high 

penetration of DG on the voltage waveform is discussed under the voltage harmonics distortion. 

Voltage harmonics distortion which is caused usually by the electronic converters in the network has 

also been predicted to increase with load growth. The voltage step is an important index that has been 

overlooked by studies focused on the allocation of RES-DGs. Harmonic distortion levels also limit 

high RES-DG penetration. Little attention has been given to the harmonic injection into the 

transmission network through the TS-DS interface occurring at the point of common coupling (PCC). 

The permissible level of harmonics distortion caused by inverter-based DGs is regulated in IEEE-

519-1992 standards. 

To overcome voltage stability issues limiting maximum RES-DG penetration, several 

practical scenario-based methods may be employed. These methods include adjusting the secondary 

winding of LV transformers, giving priority to reactive power absorbing DGs, RES-DG power 

curtailment, reducing line impedances, and storage of the excess power [58]. Due to engineering and 

physical design constraints, some of the techniques may not be practicable and applicable to all 

distribution networks. Therefore, it is desirable to develop a generic approach that integrates the 

network dynamic limits for active distribution network planning and operations. Such an approach 

will include parameters that will be categorized into one or more of the following limits: static 

element limits, generation, and demand seasonal limits, static and dynamic system stability limits, as 

well as operator-specific limits. Some of these limits are obtainable through real-time systems, while 

others are obtainable using forecast models. For example, the impacts of passing clouds and sudden 

changes in wind parameters should be considered in the inter-hour scheduling under the seasonal 

generation limits. 
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The overpenetration of RES-DG within an active distribution network occurs when more 

power is generated from RES-DG than scheduled. Power curtailment and storage are traditional 

approaches that have been used to limit the amount of power from DGs. Flexibility utilization 

techniques are also becoming common for managing RES-DGs generation levels by system 

operators. The flexibility obtained through RES-DG penetration may be extended to the transmission 

system through the aggregators. The challenge here lies in the complex computation involved in the 

inter-network-operation modeling, and the representation of the flexibility operating region due to 

generation variability and network limitations [59].     

2.3.2 Protection Challenges 

The impact on the protection system depends on whether the DG is synchronous or non-

synchronous, as well as the DG penetration level. The challenge for the protection systems is the 

unintended reverse power flow from the active distribution network to the upstream medium voltage 

network when the RES-DG is at peak power generation during off-peak load demand periods. The 

surplus current is perceived by the relays as fault current within the network. This misinterpretation 

of fault current may cause unintended islanding within the network. Different types of DGs have 

different short circuit characteristics to which the protection systems must effectively respond under 

predictable and unpredictable fault conditions. In addition, the degree of protective failure is 

determined by the DG’s size. Refs. [39,40] demonstrated the changes in short circuit current due to 

different DG penetration levels for a three-phase short circuit fault at different positions from the 

DG. 

Traditionally, distribution networks are radial by design, and the protection schemes are 

designed for a single-source power supply from the transmission system. The penetration of DGs is 

more promising in loop network configurations. Therefore, the functioning of modern protection 

schemes is inclined toward loop applications over radial applications [41]. In the loop protection 

schemes, a relay may malfunction due to tie switch operations and bidirectional current flow. A new 

protection scheme capable of fast fault location and fault section isolation in a loop network is 

proposed in [42] to achieve the protection of the modern power grid. Protection devices with a simple 

design and time-current characteristics have effectively performed the tasks of protection from 

overcurrent in both radial and loop configurations. However, with the RES-DGs also contributing to 

the fault currents in the emerging distribution network, the traditional protection, which assumed 

unidirectional flow of current, will no longer be effective. The variability and unpredictability of 

DGs may increase the loss of coordination of the existing protection devices. Moreover, fault levels 

will be increased, and varying fault currents will further compromise the protection coordination. 

Ref. [43] concluded that the deviations in the local node frequencies increase with the high RES-DG, 

thereby reducing the precision of the fault location algorithms. 
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The loss of protection coordination has negative impacts on the reliability of the distribution 

system. The study in [44] shows that the reliability of the traditional distribution system is degraded 

significantly by the loss of protection coordination resulting from the high penetration of RES-DGs. 

Protection blinding and sympathetic or false tripping have been identified as the two most common 

causes of miscoordination. Blinding occurs when the sensitivity of a protective relay is reduced. The 

fault currents seen by the upstream protective devices will be reduced by the presence of a RES-DG 

located downstream. The equivalent fault current will depend on the short circuit impedances of the 

main source and the RES-DG as well as the impedance of the feeder to the point of fault. Sympathetic 

tripping occurs when a protective device in a feeder operates for a fault outside its protection zone 

mostly in another feeder. This tripping happens when the protection device’s precision is lost as a 

result of reverse current from the RES-DG toward the fault location [45]. 

Several techniques for new protection devices’ design for the emerging grid have been 

recommended in [46]. These techniques can be classified under non-traditional fault identification 

and new relay characteristics development. Communications-based solutions that attempt to detect 

and locate faults within the active distribution network are becoming common. The appropriate 

circuit breakers are then identified to trip and clear the fault. A new relay characteristic for the 

protection system was proposed in [30] based on the inverse operating time vs. line admittance 

characteristics. This new characteristic enhances the sensitivity of the relay for precise fault location 

on the feeder. These new relays can also be coordinated similarly to the existing simple time–

overcurrent relays [46,47]. 

2.3.3 Performance Indicators 

Voltage instability, which occurs frequently as a result of increasing load demands and 

limited transmission capacity, is alarming and has been a source of concern for power system 

operators [60]. Voltage stability is the ability of networks to maintain acceptable voltages at all 

network nodes under normal operating conditions and after being subjected to disturbances. The 

inability of a network to supply the reactive power demand is a major contributor to voltage 

instability. The assessment of voltage stability is done under dynamic and static stability studies. 

Dynamic voltage assessment produces the voltage response of a system to a sequence of discrete 

events in the time domain [61]. Static voltage assessment involves the identification of critical 

network nodes, evaluation of load margins, and estimation of reactive power compensation [62]. 

Voltage instability is a local challenge to distribution system operators as it is a global challenge to 

transmission system operators.  

Several voltage stability indices (VSIs) have been proposed in the literature for voltage 

stability assessment. Some of these indices may be used to detect the weak lines and buses in the 

network as well as to achieve optimal RES-DGs allocation. The available voltage stability indices 

can be grouped into the Jacobian matrix-based indices and system variable-based indices [63]. The 
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system variables-based indices can be generalized into the line voltage stability indices (LVSIs) and 

bus voltage stability indices (BVSI). The LVSIs are based on the reduced two bus network 

representation and are used to evaluate the weak links with potential voltage problems in the network. 

The BVSIs are indices derived from nodes’ voltage deviation, which is caused by reactive power 

demand and supply imbalance [64].  

The penetration of RES-DG units into the distribution networks provides several benefits 

like improving voltage profiles and load factors. To achieve these benefits, the RES-DG must be 

optimally sized and sited on a specific node in the network. Installing RES-DGs units in non-optimal 

locations may lead to voltage instability of the network. The proposed techniques and algorithms for 

optimal placements of RES-DGs are discussed in section 4.1.  

The bulk of power loss from generation to utilization has been attributed to the transmission 

and distribution networks. Therefore, power loss reduction is considered a key objective during the 

planning of active distribution networks considering RES-DG penetration. Since high power loss 

contributes to the high cost of power delivery, there has been a considerable increase in research 

aimed at reducing active power loss in the distribution network employing RES-DGS. It is 

economically and technically impractical to have active and reactive power support on every node 

in the distribution network. Therefore, an optimal site and size of RES-DG must be selected to 

maximize the benefits. Because the relationship between the RES-DG penetration level and power 

loss follows an inverse quadratic function trajectory [65], a non-optimal allocation may therefore 

lead to an increase in power loss. Although it is usual to combine power loss objective with other 

performance indices in a multi-objective RES-DG allocation problem, techniques for power loss 

minimization as a single objective optimization problem is also common. The benefits of existing 

techniques in a single objective problem over a multiobjective problem for power loss minimization 

using RES-DGs are unclear and highly doubtful [66]. With a focus on power loss minimization, 

heuristic techniques were proposed in [67-69] in a multi-objective optimization model.  

Reliability is another important index in measuring the performance of an active distribution 

network with RES-DG penetration. Traditional methods of evaluating reliability are based on 

deterministic conditions which rely on past system experiences. These methods do not consider the 

probabilistic nature of outages that may be caused by RES-DGs. It is also impractical for new active 

distribution networks due to the lack of historical reliability data. In addition, deterministic methods 

are focused on specific reliability indices. However, with these indices, it may be impossible to 

explicitly express the performance of the network [70]. Research has consequently moved from 

deterministic approaches to stochastic approaches which are based on the summary of statistical data 

on the individual components within the system.  

Deterministic reliability assessment methods such as the Markov process involve simplified 

and linearized representation of the power grid while ignoring the grid’s probabilistic characteristics. 

Although deterministic methods are useful for conventional grid operations, electricity market 

deregulation and the introduction of variabilities from renewable energy generation sources make 
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deterministic methods insufficient and obsolete. The responsibilities of the modern emerging grid 

operators include ensuring the grid's reliability under probabilistic conditions. Probabilistic reliability 

assessment methods such as the Monte Carlo simulations become significantly helpful for 

probabilistic conditions. The probabilistic reliability assessments consider randomness and 

uncertainty using the probability distributions, hence, modeling a real system. Since the reliability 

assessment is performed with random data within the distribution, the results may vary for different 

assessments. However, the standard deviations of the results are usually small. The average of the 

result conclusively represents the reliability of the grid. Improved deterministic reliability assessment 

methods such as the advanced Markov process, where several possible reliability states of the grid 

can be monitored, are also useful for the reliability assessment of modern power grids. 

The Markov process and Monte Carlo simulation are the two common methods available for 

reliability assessment of systems. A large amount of simulation and time needed to estimate the 

average of the reliability in the Monte Carlo method makes it less preferable to the Markov process. 

In Markov method, several reliability indices may be quickly evaluated using the systems’ state space 

[71]. The reliability of an active distribution network varies with the point of connection of the RES-

DG on the feeder. Under the emerging deregulated system with increased competition for market 

share from operators, it is highly important to ensure good reliability. Refs. [72-74] focused on the 

distribution network planning and expansion using optimal RES-DG placement to maximize the 

distribution network reliability. At lower penetration, RES-DG improves the reliability of the 

distribution networks, specifically when reliability is evaluated using the availability index. 

However, the overall reliability of the grid could be compromised at high penetration levels [75].  

2.4 Recommendations to Limit Security Impacts 

2.4.1 Active Distribution Network Planning 

Probabilistic active distribution network planning techniques which enable a better risk 

assessment under realistic conditions for optimal RES-DG penetration level assessment are 

becoming common [76]. Probabilistic modeling methods were proposed in [77, 78] based on solar 

PV generation and load uncertainties. An effective probabilistic planning model will be adaptable to 

several RES-DG types and network configurations. Also, it should consider the impact of 

environmental factors on the performance of the RES-DGs. The study in [79] shows that wind 

turbines generate more energy in a year when compared with solar generation of the same capacity. 

The concept in recent literature combines the technical and economic benefits for optimal RES-DG 

penetration level assessment. Using techno-economic analysis of a PV-WT hybrid system, ref. [80] 

claimed 32.75% to be the secured penetration level. Ref. [81] reviews the impact of RES-DGs output 

variation caused by short-time weather changes. The proposed approaches in [82, 83] are the steps 

to developing a more realistic probabilistic model for RES-DG penetration level estimation using 
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solar radiation, wind speed, and panel cost variations. An ideal model will include dynamic RES-DG 

clusters planning with complex network architecture under systems security constraints. 

By considering the impacts of an unconstrained increase in RES-DG penetration into the 

grid as discussed in the previous section, it is important to optimally allocate the appropriate RES-

DG type. The impact of capacity, types, and operating power factors of different RES-DGs on the 

grid was investigated in [84]. Analytical approaches based on loss sensitivity factor, voltage stability 

factor and selection index for optimal RES-DG allocation are common in recent literature. The 

approaches are effective and require less time due to the less complex computations involved. The 

proposed method may be extended to include more power quality and security Indices. Focusing on 

the power quality, a regulator for PV systems voltage fluctuations and reactive power flow control 

was proposed in [85, 86].  

It is also important to consider the steady and rapid load changes during RES-DG penetration 

planning for different RES-DG types under deterministic annual load growth. Probabilistic methods 

based on the load shifting technique are considered effective to analyze the network under highly 

flexible loading conditions. Optimal RES-DG penetration can enhance the system loading factor, 

line stability, and voltage stability [87]. Table 2.2 describes the classification of the commonly used 

optimization objectives for distribution network planning with RES-DG allocation. The optimization 

objectives are classified as technical, financial, and index-based. Based on the optimization 

objectives classified in Table 2.2, the best nodes to allocate RES-DGs within distribution networks 

can be decided. It is common to combine two or more objectives to form a multi-objective 

optimization problem for the planning of active distribution networks. For safety-driven power 

systems, priority is given to the technical and index-based objectives, while financial objectives are 

considered more important in economy-driven power systems. 

Hybrid optimization algorithms may be more suitable for RES-DG allocation particularly 

for large systems considering the impacts of other network components when a specific performance 

index needs to be assessed [88]. Hybrid optimization approaches are generally robust in handling the 

complex mathematical modeling of large unbalanced systems under load and RES-DG output 

variations. Refs. [65, 89] discussed several RES-DG allocation methods with emphasis on the 

objective functions, constraints, and proposed algorithms. For smaller distribution systems, 

analytical methods may be effective to obtain the optimal allocation based on simple performance 

indices. The impact of power exchange at the transmission system-active distribution system (TS-

ADS) interface has always been neglected in the formulation of the problem considering that most 

RES-DG allocation techniques are focused on isolated systems without interaction beyond the 

substation. The operation of the emerging grid will be dynamic with flexible services and power 

exchange at the TS-ADS interface and between multi-voltage meshed networks. This dynamic 

operation may require optimal reconfiguration of the active distribution system in the future 

depending on the prevailing condition.   
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Table 2.2: Distribution network planning with RES-DG allocation objectives. 
 

 

 

 

2.4.1.1 Renewable Energy Source-DG Optimal Allocation 

Many proposed RES-DG allocation methods have been focused on a single RES-DG type, 

which may not fully characterize the behavior of a realistic multi-RES DGs system in an integrated 

grid. The methods are implemented on isolated networks with no comprehensive security assessment 

index to validate the claims. Consequently, there is a need for more research to develop new 

objectives and enhanced optimization techniques to dynamically allocate RES-DGs based on 

peculiar system needs and flexibility supports. Additionally, the tools to implement the new 

objectives under network security indices should be expandable and adaptable for reliability 

assessments under dynamic conditions for active distribution network and transmission network 

interactions. Figure 2.7 highlights the existing optimization techniques used to allocate RES-DGs to 

achieve high levels of penetration under prevailing system security constraints. The common 

metaheuristic algorithms and optimization objectives for RES-DG allocation in recent literature 

(2010–2020) are summarized in Table 2.3. While new algorithms such as the Harris hawk optimizer 

(2019) are being developed, particle swarm optimization algorithm has been applied extensively to 

obtain the global optima from the fitness/objective functions. Voltage profile enhancement and/or 

power loss reduction are the most common objective(s) for a single or multi-objective RES-DG 

allocation optimization problem. 

 
Figure 2.7: Optimization algorithm/techniques for RES-DG allocation. 

 

Analytical algorithms, Linear programming (LP), Nonlinear 
programming (NLP), Mixed integer linear programming 
(MILP), Mixed integer nonlinear programming (MINLP), 
improved analytical (IA). 

Conventional 
optimization 

methods

Evolutionary  Algorithms, Particle swarm optimization 
(PSO), Ant Colony, Fuzzy set algorithms, Artificial Bee 
Colony, Cuckoo Search, Firefly method, Tabu search, 
Simulated Annealing, Gravitational search algorithm 
(GSA), Harris hawks optimizer (HHO)

Artificial 
Intelligence 

methods

Genetic and Particle swarm, Genetic and Tabu, Genetic and 
Fuzzy, Tabu and Fuzzy, Particle Swarm and Optimal power 
flow, Genetic and optimal power flow, Genetic and Simulates 
Annealing

Hybrid 
Intelligent 
Methods

Technical Objectives Financial Objectives Index-Based Objectives 
Specific line and total active, reactive 

power loss 
DG capacity and efficiency 

maximization Power loss index 

Voltage profile and stability Energy harvest maximization Voltage index 
Energy losses DG costs minimization Current index 

Specific line and total power transfer 
maximization 

Profitability, NPV optimization Short circuit index 
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Table 2.3:  Common metaheuristic algorithms with optimization objectives. 
Reference(s) Objective(s) Method 

[67, 90-92] 

Power loss reduction and voltage enhancement 
[31]. 
Power loss reduction [53, 55]. 
Loadability enhancement [54]. 

Particle swarm optimization 
(PSO) 

[69, 93, 94] 

Power loss reduction and voltage stability 
improvement [33]. 
Power loss reduction and voltage enhancement 
and system stability improvement [56]. 
Power loss reduction [57]. 

PSO and GSA [33]. 
PSO and HHO [56]. 
PSO and IA [57] 

[95, 96] 

Power loss reduction and reliability improvement 
[58]. 
Power loss reduction and voltage enhancement 
[59]. 

Sorting genetic algorithm [58]. 
Genetic algorithm [59] 

[97] Power loss reduction and voltage enhancement 
Genetic algorithm with fuzzy 
logic 

[98, 99] 
Power loss reduction and voltage enhancement 
[61]. 
Power loss reduction [62]. 

Ant lion optimization 

[100-102] 
Power loss reduction and voltage enhancement 
[63, 65]. 
Voltage stability improvement [64]. 

Improved bee algorithm [63]. 
Artificial bee colony [64]. 
Improved honey bee mating 
[65] 

[103-105] 
Power loss reduction and voltage enhancement 
[66, 68]. 
Power loss reduction [67]. 

Differential evolutionary 

[106] Power loss reduction. Whale optimization algorithm 
[107] Power loss reduction and voltage enhancement. Dragonfly algorithm 

 

2.4.1.2 Hosting Capacity Enhancement 

The allocation of RES-DG within a network must be per IEEE 1547.1 standard. This 

standard provides relevant requirements regarding the distribution network hosting capacity and DGs 

penetration for secured network operations [108]. The hosting capacity (HC) is defined as the amount 

of DGs that can penetrate the distribution network while ensuring that the network security 

constraints are maintained within acceptable ranges without any physical changes in the network 

topology. The common constraints considered for the estimation of the HC are the thermal, voltage, 

power quality, and protection constraints [109, 110]. The HC concept enables DSOs to quantify the 

impact of DG units on the performance of the distribution network using a specific set of security 

indices. Given the global and local constraints, HC values may be assigned to the distribution 

network and individual node separately. The HC for the node is referred to as locational or nodal 

HC. Nodal HC is more prevalent for modern distribution networks considering the impact of 

geographical distance on the voltage constraint, which is one of the major constraints considered in 

the HC evaluation. The node HC is expressed analytically as the ratio of the power from the DG units 

to the average load connected to the node.  
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To accommodate more RES-DGs securely, the HC must be enhanced as shown in Figure 

2.8. Hosting capacity enhancement may be achieved through distribution network reconfiguration 

and expansion. With higher nodal HCs, more RES-DGs may be penetrated securely into the active 

distribution network. Under low nodal HCs and high penetration of RES-DG, the operation of the 

network will lie within the unacceptable region. Network expansion requires extensive planning, 

significant investment, and time to implement. Therefore, it is only suitable for long-term HC 

enhancement. Distribution network reconfiguration is simply achieved by the opening and closing 

of sectional and tie switches that already exist within the network. Hence, it is suitable for short-term 

and medium-term HC enhancement. 

The distribution network reconfiguration scheme whose primary objective is to reduce the 

power losses within the network has been extended to enhance the hosting capacities of the 

distribution network nodes [109, 111]. Also, to ensure the security limits are not violated in the 

occurrence of a contingency, dynamic distribution network reconfiguration methods have been 

proposed in the literature to redirect power flow throughout the network [112, 113]. With dynamic 

network reconfiguration, the continuity of service across the network zones and areas is ensured. A 

multi-period optimal power flow technique with active network management (ANM) architecture 

for dynamic reconfiguration was proposed in [114]. Under thermal and voltage constraints, the 

proposed approach attempts to obtain the optimal location that maximizes the penetration size of 

RES- DGs in the distribution network. 

  
Figure 2.8: Distribution network hosting capacity. 

2.4.2 Integrated Grid Security Assessment 

Methods for system security assessment are broadly categorized into deterministic and 

probabilistic methods [115]. Under deterministic methods, there must be some pre-existing list of 

contingencies and expected responses to be satisfied by the system. Similarly, under probabilistic 

methods, a secured power system should exhibit a high probability of residing in the secured and 

alerts states under probabilistic network scenarios. A simple and common technique for voltage 
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stability assessment is the continuous power flow (CPF) with distribution-equivalencing-based 

predictor and corrector with a step length regulator [116]. Grid-wide security state and RES-DGs 

performance monitoring models are also common techniques in literature [117]. 

The security assessment is a major concern in the planning, design, and operation stages of 

electric power systems. This assessment could be done under static, transient, and dynamic modes 

depending on the state of the system, type of contingencies, system parameters, and dynamics focus 

[118]. The process of detecting the instant state of a power system is referred to as a security 

assessment. The security of the electric power system with RES-DGs should be tracked constantly 

using appropriate security indices. Normal state implies that the load is satisfied, and no limit 

violations occur under prevailing operating constraints and in the presence of unforeseen 

contingencies. Assessment of these indices may be carried out within a small area network or wide 

area network. More so, with the likelihood of contingencies, the security tracking process should be 

adaptable and extended to the alert and emergency states of the system. 

In order to properly assess the security of grids with RES-DG, each step of the traditional 

grid security assessment process must incorporate both the steady state and dynamic RES-DG 

models. For steady-state assessment, the variable power output from the RES-DG units must be 

modeled correctly. For the dynamic and transient security assessment with RES-DG units, the steps 

involve monitoring the system frequency, observing the RES-DG units' synchronization units, and 

assessing the small signal stability. The step also involves assessing the effectiveness of the 

frequency response of the RES-DG units to be able to activate the appropriate dynamic frequency 

response. The small signal stability assessment is essential to determine if the oscillation of the 

system can be effectively damped. During disturbances, the frequency nadir and the rate of change 

of frequency (ROCOF) are tracked for the entire grid. Since it is common for RES-DG units and 

synchronous generation units to be impacted by large and sudden disturbances, practical risk-based 

security assessment methods are used in real power system operations. For the risk-based security 

assessment, the transient stability assessment is performed using large disturbances for N-1 and, in 

some cases, N-2. If the grid is stable for the large disturbance for N-1 or N-2, then the grid is 

dynamically stable, and the transient security can be guaranteed. 

The security of the present grid has been challenged due to several technical and economic 

reasons. Several techniques including analytical methods and heuristic optimization techniques have 

been applied to solve the optimal load flow problems for the emerging power systems [119, 120]. 

These techniques are aimed at obtaining the best operating states of such networks considering the 

prevailing constraints. The security of the grid may be easily perturbed under the high penetration of 

RES-DG into the distribution network due to the characteristics of the generation, future loading, 

and the network itself. The objectives of a power system include ensuring the required amount of 

power is delivered to the customers at an acceptable standard and quality at the normal and alert 

states of the system. The N-1 and N-2 security criteria are used to evaluate the abilities to operate 

within permissible standards at the loss of one and two system elements [121]. This is ensured during 
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the planning, development, and reinforcement of such a network. While the future grid with high 

RES-DG penetration may present a high degree of adequacy, security is not guaranteed. 

The non-linear property of RES-DG power output creates challenges in forecasting and 

scheduling for system operators. The energy obtained is greater at certain periods and may lead to 

voltage rises on nodes near the RES-DG site if not promptly curtailed. The impact of excess or 

surplus power generation from RES-DG systems may be limited through reliable forecasting models 

considering the prevailing weather factors. A reliable model will include probabilistic load growth 

and possible network contingencies for dynamic network architectures. Modern transmission 

network expansion planning (TNEP) has generated concerns about the security and reliability of the 

emerging grid. These concerns are increased with the proliferation of aggregators into the power 

trading markets. Most research has been done on the day-ahead market in the planning horizon due 

to the quantity of energy being traded in this market compared to other markets. The security solution 

model proposed in [122] is restricted to wind power integration. 

To maximize the potentials of active distribution network flexibilities, new models for the 

integrated grid operation and efficient market structure must be developed. Several articles have been 

published on the impacts of an active distribution network on the integrated grid with several 

proposed assessment and enhancement techniques. Ref. [123] presents a review on the impact of 

flexible resources on the distribution systems in recent literature from the emerging grids’ security 

perspective using three criteria. The criteria include indicators for the security of supply, modelling 

assumptions made, and flexibility impact assessment methods. The assumptions made for flexibility 

operations, the trade-off between different flexibility services, and distribution network fault 

handling are the major assumption considered.  

The intensified investigation of voltage and frequency stability issues is prompted by the 

challenge posed by high RES-DG penetration. The grid frequency may attain a magnitude outside 

the statutory range during load demand and supply imbalance. Depending on the distribution network 

configuration and the RES-DG site, this imbalance may also cause voltage instability [124]. While 

voltage can be easily controlled at any level within the integrated grid using transformer tap changers 

and compensators, frequency stability using secondary controls for fast frequency regulation may be 

difficult to implement considering the several components involved [125]. The importance of 

transient stability cannot be overemphasized under power system protection. To ensure system 

security in these conditions, the critical clearing time (CCT) for which each relay would be activated 

must be predetermined through dynamic stability studies [126]. Existing conventional and non-

conventional frequency stability control techniques have been applied to analyze the characteristics 

of disturbances and to determine the optimal response that ensures the grid’s frequency stability. The 

conventional method includes the primary, secondary, and tertiary frequency response models. The 

non-conventional frequency control is mostly realized using synchronous and/or non-synchronous 

DG systems [127]. 
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2.4.3 Interaction between Transmission and Active Distribution Networks 

The interaction between future transmission and active distribution network operators will 

determine the grid’s security in the future. Interaction is required between transmission and active 

distribution network components that were originally designed to operate independently. The 

coordinated control between the components which include the AVRs, FACTS devices, 

reactors/compensation, tap changers, and virtual power plants will be essential to maintain grid 

voltage and frequency within and across the transmission and active distribution networks [128]. 

Distributed control of RES-DGs can provide frequency regulation services to relieve the frequency 

control burden on traditional online automatic governor control (AGC) units. Ref. [129] discussed 

existing demand-side frequency control techniques for the power grid. The frequency control 

methods include centralized and decentralized control for demand flexibility. With demand 

flexibility, specific residential and industrial loads can be automatically switched off when there is 

insufficient generation. For the existing control methods to be viable for the future grid, the 

challenges associated with demand flexibility needs to be addressed. One of these challenges is the 

unpredictable changing diversity of loads which may lead to more load being switched off than the 

required amount [130]. 

The major operation control methods include centralized, hierarchical, decentralized, and 

distributed [131]. Decentralized and distributed controls are proposed as preferred control methods 

for the modern integrated grid in [132]. Optimal ancillary service utilization from the active 

distribution network through a decentralized control scheme could guarantee a maximum control of 

the nominal voltage. Under decentralized controls, equilibrium points at which the grids’ stability 

may be guaranteed are discussed in [23]. In modern grid operations, distributed control schemes with 

exclusively localized algorithms are becoming common [133]. With distributed control, all devices 

and protocols are distributed, localized, and belongs to a unit, while communication is achieved 

between the local units and control centers. Optimal control decisions can be achieved using key 

information about the global power imbalance from local frequency deviations on each node. Figure 

2.9 shows the interaction between the TS and DS in an active distributed system for secured future 

operations. The interaction between the transmission and active distribution networks may be 

achieved through interaction for inter-network powerflow control, network states variables, and 

flexibility services. Individual network operator manages the assets to achieve optimal power flow 

control. The system aggregator regulates the allocation and pricing for the normal powerflow and 

flexibility services. 
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Figure 2.9: Conceptual interaction between the future TS and DS. 

Through coordinated distributed demand-side control with distributed generation for 

primary frequency regulation, stability may be guaranteed. The objective of good interaction includes 

achieving fast frequency response through demand response as demonstrated in [134-136]. The 

proposed demand response optimal load control technique was improved in [137] by introducing a 

gain-tuning variable into the multi-objective optimization algorithm  

It is necessary to study the effects of probabilistic and dynamic system loading for efficient 

generation-load matching. A scheme that consists of continuous fast-acting distributed load control 

algorithms for primary frequency regulation implemented at several system nodes can effectively 

achieve frequency control under dynamic load. A method for the optimal supply and load control for 

primary frequency stability using the combined passive dynamics of the generation and load 

scenarios was proposed in [138]. The proposed method can achieve power rebalance and localized 

frequency resynchronizations with significant improvement in transient conditions. 

The impact of generation uncertainty of RES-DGs is critical to the development of flexible 

market schemes. It is therefore important to study the impact of RES-DG variability on major 

flexibility services such as energy balancing and congestion management. Enhanced interaction 

between the TS and DS is important during multiple flexibility services activation. Integration of the 

TS and DS flexibility control models for optimal control at the TS-DS interface to achieve global 

optimization will ensure the secured operation of the grid at high RES-DG penetration levels. Three 

market designs for TS, DS, and retailers were proposed for flexibility trading in [139]. Flexibility 

cost estimation and energy sharing were achieved using a series-linked optimization approach in 

[140, 141]. The major drawbacks of the proposed approaches for optimized interaction are the limits 

of optimization parameters and system security trade-offs.  
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Coordinating the voltage and frequency controls for the integrated transmission and active 

distribution network may be a major challenge in the future grid. The operation of the grid must be 

within the given voltage and frequency constraints while maintaining the adequacy of the power 

supply. While it is common to operate the PV and wind turbine systems independently with energy 

storage systems, a combination of the two systems within a cluster may be predominant in the future 

to obtain a range of ancillary support. System control, load following, supplement reserve, real power 

loss replacement, energy imbalance, dynamic scheduling, network stability, and system restoration 

are some of the ancillary services that will be considered [142]. The efficient operations of RES-DGs 

clusters depend on the ability of distribution network operators to instantly control the resultant 

power factor. Ref. [100] discussed several methods for optimal RES-DG types mix within a cluster 

to achieve the best responses considering different load types and different load profiles. According 

to [91], RES-DG types capable of generating both active and reactive power would significantly 

enhance the grid’s loadability and reduce network total losses. Table 2.4 shows the grid ancillary 

services from the RES-DG types and battery storage. 

Table 2.4: Renewable energy resource and energy storage system ancillary services. 

Good *, Very good **, Excellent ***. 

2.5 Research Trends for High RES-DG Penetration Support 

2.5.1 Supporting Technologies 

This section discusses the recent smart technology devices and concepts that support the 

penetration of RES-DG into the grids. A growing concept among scholars is the idea of an AC-DC 

nanogrid, which is suggested to become the basic building block of the future grid. This idea is 

directed toward the residential networks at the lowest power and voltage levels. Although the idea 

may imply a purely off-grid RES-DG system, the advantages of the nanogrid include fewer power 

converters, higher overall system efficiency, and easier interfacing between DC supply and DC load. 

Additionally, there is no frequency stability and reactive power issues, and the power losses are very 

minimal [143]. The nanogrid model will be supported through advancements in small-capacity 

energy storage systems (SCESS), high-temperature superconducting (HTS) materials, and smart 

home energy management systems (SHEMS). 

Ancillary Service Solar PV Wind 
Turbine Hydro Battery Storage 

Reactive and Voltage Support *** *** *** *** 

Frequency Regulation (steady-state) ** ** *** *** 

Frequency Arrest (transient state) ** ** ** ** 

Frequency Support (Rebound Period) ** ** *** ** 

Frequency Support (Recovery Period) ** ** *** ** 

Dispatchability/Flexibility * * *** *** 
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2.5.1.1 Energy Storage Systems 
In the future, storage systems will be more enhanced and easily handled, using 

predominantly modular power flow technologies. Supercapacitors, batteries, and magnetic energy 

storage will be readily available and easily accessible. Consumers will have access to storage devices 

with high power and energy densities at efficiencies over 90% [144]. Table 2.5 shows the 

characteristics of available energy storage devices. 

Table 2.5: Energy storage types and characteristics. 

ES Systems Power Rating 
(MW)/Unit 

Energy 
Density 

Wh/l 

Power 
Density 

Wh/l 

Response 
Time 

Discharge 
Time 

Efficiency 
(%) 

Pumped Hydro 100–2500 0.2–2 0.1–0.2 10 s–12 min 4–16 h 70–85 
CAES 100–1000 2–6 0.2–0.6 12 min 2–30 h 79–90 
BESS 0.001–100 150–300 120–160 seconds 1 min–8 hrs 80–90 

Flywheel 0.005–20 20–80 5000 seconds sec-min 80–95 

SMES 0.01–100 ~6 ~2600 millisecond
s 

millisec-
seconds 

80–95 

Super Cap 0.01–1 10–20 
40–

120,000 
millisecond

s millisec-min 80–95 

 

Availability of high-capacity energy storage systems will mitigate the technical issues caused 

by variabilities of the RES-DG output in a high penetrated distribution system. The energy storage 

systems will also support power generation during transient and sustained load spikes resulting from 

electric vehicles. Recently, energy storage systems and mobile distributed generation systems have 

been utilized as virtual power plants (VPP) and inertia emulators for grids’ voltage and frequency 

support. The impact of electric vehicle (EV) loads on the grid must also be considered during active 

distribution network planning. The models for EV load forecast should be developed for real-life 

charging scenarios (home, office, and trip) and drivers’ schedules (work, leisure, and shopping). 

Future models will consider from long-term to inter-hour EV load forecasting to achieve the 

minimum distribution network load-generation imbalance. To obtain reliable energy management 

models, the models should be extended beyond the common EV parameters such as arrivals and 

departure time, state of charge (SOC) at the beginning and end of the trip to include location, and 

specific EV user behaviors, which may only be stochastically modeled. 

2.5.1.2 Communication and Data Security 

The grid is designed to operate in a hierarchical operational structure consisting of several layers. 

The five common layers to most power grids are the control application, network services, network 

measuring and monitoring, physical and communication layers. These layers are embedded and 

coordinated to ensure the continued grid operability [145]. An enhanced real-time grid-wide 

monitoring system has been proposed to monitor the security of the grid. The application of a real-

time monitoring system can be extended to the distribution network with synchro phasors on nodes 
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with RES-DGs to monitor generation output and local demand fluctuations. The smart 

communication system is also essential for the coordinated operations of CGs and DGs protection 

systems, tracking of disturbance for quick islanding action, and resynchronization functions [146]. 

The wide-area monitoring analysis protection-control system (WARMAP) is one of the existing 

systems designed to ensure the safe operation of the integrated transmission and active distribution 

networks across these layers [147]. The communication layer, which is the key to the emerging grid 

operation is equally critical to the WARMAP system. The communication layer describes the 

information exchange among actors in the different layers according to the services to be managed 

and provided for both long-term and short-term operational services. Communication interruption as 

a result of high channel latency reduces the reliability of existing security monitoring systems [148]. 

To prevent the breakdown between the layers, it is necessary to review and regularise the information 

communication systems standards, codes, and requirements.  

The communication layer is also important to the realization of the energy internet through 

the possibility of grid components to operate in the plug-and-play model. Although the 

implementation of energy internet will improve the system reliability and energy efficiency [149], 

several concerns must be considered. Some of these concerns include challenges in components 

standardization, stability issues, cyber-attacks vulnerability, and scalability [150]. Consequently, the 

goal of recent research in the area of energy internet has been focused on addressing these concerns 

[151]. Smart sensing systems and remote IoT devices have been developed to monitor energy flows 

at the system nodes. These devices will have the capability to automatically re-route power based on 

the programmed criterion for optimal operation of the grid [152]. Several architectures including the 

Future Renewable Electric Energy Delivery and Management (FREEDM) in the USA and Global 

Energy Interconnection Development and Cooperation Organization (GEIDCO) in China have been 

implemented to achieve the vision of the energy internet through the integration of RES-DGs with 

standardized plug and play interfaces [153]. 

A review of smart grid communication technologies was presented in [154] focusing on the 

use of power line communication (PLC). It was concluded that PLC with medium access control 

(MAC) and time domain multiple access (TDMA) protocols are effective for smart grid 

communication due to their flexibility. However, their applicability for real-time operation 

monitoring between the transmission and active distribution operators is uncertain due to their low 

coexistence efficiencies. Ref. [155] demonstrated that the frequency stability of the emerging power 

system may be enhanced through the utilization of the appropriate data communication topology for 

RES-DG control to achieve fast secondary frequency response. Data transferred through the PLC 

can be used for effective voltage control by the transmission system operators. Data nodes which are 

referred to as control agents are installed on the transmission system nodes to stores the voltage states 

of the nodes. In [156], the control agents were employed to make operational decisions by optimizing 

the present and future voltage state within the network constraints.  
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The integrity of transients and RMS network data transfer is crucial to the protection systems. 

A backup protection scheme for traditional protection using fast data exchange approach for 

interfaced islanded RES-DGs is demonstrated in [157]. The IEC 61850 standard emphasizes the 

importance of integration and unification of communication standards between different network 

components and models. Ref. [158] achieved the interfacing of the distributed energy sources testbed 

in the smart grid energy research center (SMERC) from the USA with the Korean institute of energy 

research (KIER) testbed. The interface aims to develop a communication-supported microgrid digital 

protection relay for fast fault detection across the two testbeds. The method involves the application 

of a distributed microgrid digital protection relay which communicates with the microgrid central 

protection manager (MCPM).  

The ability to accurately model active distribution systems with smart grid components and 

associated characteristics will require existing tools to significantly adapt to meet the new conditions. 

Enhanced and faster computing methods will be key for tool development in active distribution 

system analysis to support the emerging grid. The integrity of system data and information is crucial 

to the operation of the emerging grid. Despite its many advantages, the emerging grid is characterized 

by various security attacks since it combines several components. Some of these components which 

include synchrophasors, the internet of things (IoT), wireless devices, and industrial components are 

susceptible to a variety of attacks. Device attacks, data attacks, privacy attacks, and network 

availability attacks are some of the existing and potential attacks. Furthermore, the existing 

technologies for protection against these attacks have not integrated modern security solutions, 

therefore, may not be effective [159]. The capacity to sense and prevent an attack at different network 

layers and levels under dynamic system architecture through advanced information security devices 

is critical to the grid’s security. The consideration of these attacks increases the complexity of 

planning and grid restoration models for the emerging grid [160].  

2.5.2 RES-DG Penetration Level 

Renewable energy sources DG penetration increases the scope and complexity of active 

distribution network planning and operation due to the variables that are considered. Attempts to 

define RES-DG penetration have been about the space utilization for PV and WT installation to the 

total space, the annual energy from DG systems, and the total energy consumption relative to the 

transformer capacity. More specifically, RES-DG penetration can be defined as the ratio of the total 

RES-DG power to the peak load demand on a specific feeder in a distribution network [161]. It is 

indeed necessary to make reasonable assumptions to develop a feasible RES-DG penetration 

modeling considering several parameters involved. The parameters include the number and types of 

clustered RES-DG connected to a point, the power factors of the DGs, physical upgrades and 

investments on network elements, and the variations of wind and solar irradiance. These parameters 

will be combined and optimized to obtain several best operation stochastic scenarios for a specific 

active distribution network at specific times. To optimize the operating state of a network, the 
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approaches proposed by scholars can be categorized into the distribution power flow approach, 

scenario-based approach, engineering approach, and network planning approach.  

The maximum allowable RES-DG penetration can be determined by constantly observing 

the networks’ security limits as the penetration is steadily increased. Many traditional rules and 

guidelines including the rule of thumb will no longer be applicable. New guidelines and techniques, 

therefore, need to be developed. According to the thumb rule, a RES-DG can be penetrated up to 

15% without having any significant technical impact on the distribution system [162]. Whereas the 

zero-point analysis focuses on the point on the feeder where power flow is zero, due to the RES-DG 

unit aggregated output. The secured increase in the RES-DG penetration lies in the capabilities of 

the grid-following inverters to support frequency and voltage using local distributed and 

decentralized frequency and voltage regulation strategies.  

Operating a zero-inertia system with grid-following inverters, where it is unclear which grid 

components are responsible for frequency and voltage regulations in an emergency state is at the 

moment hypothetical. The future power grid models a system with a very low inertia requirement 

since many synchronous generators will be replaced with non-synchronous generators. This model 

may be feasible with the guarantee of only small and steady power imbalances. However, to ensure 

the security of the emerging grid during fault conditions, a significant level of inertia proportional to 

the capacity of the grid is required. While the possibility of a 100% renewable energy grid was 

discussed for small and large power systems in [163], a safe RES-DG penetration level of 20% - 30% 

for the grid security to be guaranteed was recommended in [164]. This secure penetration level is 

recommended given that traditional frequency control methods may not be suitable for the integrated 

transmission and active distribution network operation under normal and contingency conditions. To 

this end, new tools to dynamically assess the safe RES-DG penetration level into the distribution 

network for secure operation under normal and N-1 states considering changing network architecture 

are needed.     

The allocation of RES-DG is dependent on the structure and load concentration of the 

distribution network. Allocation of RES-DG simply means to determine the size of the RES-DG and 

the siting of the RES-DGs within the distribution network. The size of the RES-DGs is determined 

from the distribution network feeders’ hosting capacity [109]. The hosting capacity is used to 

describe the RES-DG penetration level below which the grid is secured without network 

reconfiguration or reinforcements. Since the hosting capacity of the node reduces with distance from 

the substation, reconfiguration of the distribution network is useful to ensure high hosting capacities 

at certain network nodes [165]. The future active distribution networks will be highly meshed to 

obtain higher feeders’ hosting capacities.  However, solutions to the difficulties of operation of the 

protection devices need to be developed. Since the relation between the maximum penetration of 

clustered RES-DGs and the distance from the TS-DS substation has been established, the objectives 

of allocation techniques and methods include determining the level of generation scheduled to these 

RES-DGs considering security constraints. 
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2.5.3 Integrated Transmission-Active Distribution Security 

The discussions on emerging grid security have been focused on the impact of high RES-

DG penetrations on the transient stability of the grid [166]. An attempt was made in [167] to include 

probabilistic characteristics of wind DG into the grid’s oscillatory stability margin (OSM) using 

random modeling and quantitative statistical analysis. It was claimed that the location and existence 

of high wind DG penetration are detrimental to the OSM of the active distribution network. Enhanced 

real-time system monitoring can be achieved with phasor measurement units (PMUs) combined with 

artificial intelligence-based state estimation during normal and contingencies states. A heuristic 

technique-based quantitative assessment of dynamic and transient stability using PMU and wide-

area monitoring (WAM) techniques to analyze various stability concerns in the smart power grid 

caused by DG was proposed in [168]. 

The optimal distributed power flow control within the emerging grid will depend on reliable 

network component modeling. The modeling and assessment of the impacts of RES-DG on the 

emerging grid are mostly stochastic due to the generation and load variabilities. However, to develop 

functional and reliable models, some degree of certainty will be assumed. New techniques that 

combine deterministic and probabilistic methods have been developed in recent literature. A hybrid 

method was proposed in [169]_ENREF_96 to study the impact of PV-based DG units on the 

distribution system. The impact of wind generation uncertainties on the generation and transmission 

expansion planning was also studied in [170] using hybrid quantitative and heuristic modeling. 

Models for efficient bidirectional power flow control between the transmission networks and 

active distribution networks are important to ensure the reliability of the protection systems. Two 

hierarchy levels of optimal power flow were proposed in [171] to achieve decentralized optimal 

operation between the TS and DS. While many deterministic or probabilistic techniques have been 

proposed in the literature for the security assessment of grid with RES-DG, few considered the N-1 

and N-2 security criteria for a given system operating state. Developing deterministic security 

assessment methods for the grid is straightforward and also easy to implement. However, 

generalizing the results of the worst-case scenarios obtained using such a deterministic model may 

not fully represent the response of the network during contingencies. Few other papers considered 

probabilistic approaches for reliability assessment using indices like the Loss of Load Probability 

(LOLP) and Loss of Load Frequency (LOLF) to evaluate security under steady and transient states. 

However, to deal with the frequently occurring RES-DG and EV variations, as well as occasional 

network contingencies, such a security assessment approach requires extensive computation and 

simulation. Hence, the security of the emerging grid may be ensured using dynamic security 

assessment tools for the integrated grid considering several deterministic and probabilistic conditions 

in the transmission network, active distribution network, and the TS/DS interface. 
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2.6 Conclusions and Future Work 

2.6.1 Conclusions 

High penetration of RES-DG into the distribution networks creates many operational 

benefits as well as some technical concerns. The flexibilities of DG systems will increase grid 

resilience and enhance grid stability through ancillary services support if properly planned and 

operated. The latest trends for the emerging grid operation, framework, components, tools, and 

techniques were discussed in this paper. Renewable energy sources DG penetration allocation using 

various techniques, which include analytical, conventional, and AI-based optimization methods, 

were reviewed. Technical impacts of high RES-DG penetration on the distribution systems were 

investigated using various indices (power losses, voltage, and transient stability index) under various 

deterministic and probabilistic approaches. Reliable tools for RES-DG clusters generation schedule 

may be achieved through enhanced prediction models for RES-DG generation forecast considering 

short time planning, weather conditions, load forecast, and network constraints. 

Conventional relays are unreliable for system protection due to variations in the direction 

and level of fault currents. Excess current is generated during the off-peak demand period and peak 

generation period from RES-DG causing unintended reverse power flow. The protection system 

selectivity is impacted by the reverse power flow, thereby, occasionally resulting in false tripping. 

Advancements in alternative protection systems such as directional overcurrent relays will improve 

the coordination of protection devices within the grid under high RES-DG penetration. 

This review showed that the present grid relies on the independent frequency and voltage 

controls within the transmission and active distribution systems using central and hierarchical 

approaches. In conclusion, the major limiting factors for high RES-DG are voltage instability issues, 

protection challenges, and reduced resultant system inertia. The proposed techniques for voltage 

control and new protection schemes in the literature are promising to be considered for practical 

applications. However, until synthetic and virtual inertia emulation systems, as well as upgraded 

energy storage systems, are fully deployed in the TS and DS, the question of how much RES-DG 

penetration into the active distribution system is safe remains unresolved to a considerable extent. 

2.6.2 Recommendations for Future Research 

This paper presented a discussion about the emerging grid framework and the technical 

issues regarding its security. Various tools and techniques proposed to assess the impact of high 

penetration of RES-DG into the grid were also reviewed. Observations were made concerning the 

limitations of the proposed approaches aimed at ensuring the security of the emerging grid with high 

penetration of RES-DGs. Following these reviews and conclusions, more research to address 

limitations in these areas is needed: 



40 

• Dynamic and adaptable RES-DG clusters allocation technique considering system ancillary 

services. 

• Security assessment of integrated TS-DS considering active distribution network 

architecture reconfiguration scenarios. 

• Enhanced interaction for voltage and frequency control schemes in an integrated TS-DS with 

demand-side management. 
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3 Manuscript 2: Optimal RES-DG Placement 

Preamble 

One of the review's conclusions in Chapter 2 is the need to extend the optimization objective 

and constraints for distribution network planning for the optimal placement of RES-DG units to 

include probabilistic security variables. The variability in the power output from RES-DG units 

results in probabilistic scenarios that can only be accommodated with probabilistic security indices 

and constraints. Also, limiting the effects of the bi-directional power flow caused by the occasional 

over-generation from RES-DG units would require the inclusion of probabilistic security objectives 

and constraints in the optimal allocation problem formulation of RES-DG units. Consequently, 

Chapter 3 presents a method for optimal RES-DG units allocation using deterministic and 

probabilistic variables using the decision tree classification approach. The variables considered are 

the grid power loss, voltage risk index, and hosting capacity. The power loss and hosting capacity 

are the deterministic variables, while the voltage risk index is the probabilistic variable. The impact 

of the different inverter voltage control modes on the optimal RES-DG allocation is also discussed 

in Chapter 3. 
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Security Constrained Optimal Placement of Renewable 
Energy Sources Distributed Generation for Modern Grid 

Operations 

Ifedayo Oladeji*, Ramon Zamora and Tek-Tjing Lie  

Department of Electrical and Electronic Engineering, Auckland University of Technology, 
Auckland 1010, New Zealand  

Abstract: In modern distribution network planning and operation, optimal distribution generation 

(DG) placement has become increasingly important. Consequently, extending the optimal DG 

placement objectives beyond the commonly used deterministic indices to include probabilistic 

security indices is essential. This paper proposes a decision tree (DT) classification approach for 

multiple photovoltaic DG (PVDG) units' placements using specific indices in an unbalanced 

distribution network. The security indices considered in this paper are the branches' risk index (RI) 

and power loss (PL). The optimal branch(es) for PVDG units' placements are determined through 

the branches' RI and PL, and the optimal nodes are determined using the nodal hosting capacity (HC) 

and zero-point (Ϫ). The proposed technique was tested on the IEEE 33 and 69 node radial distribution 

networks considering three common PV voltage control modes, namely, constant voltage (CV) 

mode, reactive power-voltage (QV) mode, and reactive power-power factor (Q-PF) mode. After the 

optimal placement of the PVDG units under the constant voltage control technique, the worst case 

of the average probabilistic voltage was improved from 0.798 and 0.941 to 0.94 and 0.975 for IEEE 

33 and 69 node distribution networks, respectively. The steady-state power loss was also reduced by 

78% and 32.72% for the IEEE 33 and 69 node distribution networks, respectively. The proposed 

technique was also compared with recent and existing methods in the literature. The proposed 

technique performs better in terms of power loss reduction and voltage enhancement.  

Keywords: Hosting capacity, Modern grid, Optimal placement, Photovoltaic, Risk index. 
Nomenclature 
𝑰𝑰𝒃𝒃𝒃𝒃
𝒑𝒑  Total branch current.  
𝑽𝑽𝒊𝒊
𝒑𝒑 Phases voltages magnitude. 

𝑽𝑽𝑻𝑻𝒉𝒉 Voltage harmonics distortion. 
𝑹𝑹𝑹𝑹 Risk index. 
𝑷𝑷𝑷𝑷 Power loss. 
𝑯𝑯𝑯𝑯 Hosting capacity. 
𝑽𝑽𝒄𝒄𝒄𝒄 Nodal critical voltage. 
𝑺𝑺𝒕𝒕𝒕𝒕 Total DG apparent power generation. 
𝑷𝑷𝒈𝒈 DG active power generation at the 𝒊𝒊-th node. 
𝑷𝑷𝒍𝒍𝒍𝒍 Active load of the 𝒊𝒊-th node. 
𝑸𝑸𝒍𝒍 Reactive load of the 𝒊𝒊-th node. 
𝑷𝑷𝒓𝒓 Probability of 𝒊𝒊-th node voltage outside limits. 
𝑨𝑨 Severity of voltage deviation. 
𝑽𝑽𝒄𝒄𝒄𝒄 Critical node voltage. 
𝑩𝑩 Branch. 
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𝝈𝝈 Branch load deficit 
Ϫ  Zero-point 
CV Constant voltage 
QV Reactive power – voltage 
Q-PF Reactive power – power factor 
PVDG Photovoltaic distributed generator 
DT Decision tree 
𝑷𝑷𝒕𝒕 Parent node 
𝑪𝑪𝒕𝒕 Child node 
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3.1  Introduction 

3.1.1 Background and motivation 

The power grid's topology is transitioning from centralized generation to distributed 

generation (DG) within distribution networks. Traditionally, distribution networks are passive 

networks and are considered a load to the transmission/sub-transmission networks. Distributed 

generation (DG) units in a distribution network create an active distribution network (ADN), which, 

if not optimally allocated, may cause security challenges within such distribution networks. The 

change in distribution network topology from a passive to an active distribution network occasionally 

causes voltage limit violations, insufficient-excessive generation, and insecurity across the 

transmission and distribution systems [172].  

When optimally allocated, DG can improve the distribution network's security and reliability 

while significantly reducing the power loss. Non-optimal high penetration of DG, on the other hand, 

may impact power quality and protection systems coordination, and cause congestion in some 

network zones [173]. Also, the amount of power generated by renewable energy source (RES) based 

DG units is strongly correlated with stochastic variables such as weather, temperature, and time. 

Therefore, the integration of DG into modern distribution systems, as shown in Figure 3.1, 

necessitates a proper planning framework to ensure that the performance of the distribution network 

can meet the expected power supply quality, security, reliability, and profitability [14]. Modern 

distribution network planning and operation includes reconfiguration schemes through available tie-

lines and section lines to achieve dynamic DG allocation. Dynamic DG allocation is necessary to 

enhance network reliability and resilience during planned and unplanned outages. Modern 

distribution networks are designed to manage bi-directional power flow and inter-area power transfer 

via tie-lines. Excess power flows into the sub-transmission network through grid exit points for 

flexibility support from the distribution network during off-peak hours.  

mailto:ifedayo.oladeji@aut.ac.nz
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Figure 3.1: Modern distribution network 

The allocation of DG units in modern distribution networks is considered an optimization 

problem that may be solved using appropriate algorithms. Analytical, heuristic or a combination of 

both have been proposed in the literature to solve optimization problems. The factors that impact 

algorithms' choice under the prevailing network operation conditions include the combination of 

possible sites, the type, and the size of the proposed DG units. The combination of factors will 

increase the complexity of the optimization process and the computational requirements of the tools 

required to obtain optimal solutions, especially for large distribution networks. Given that some 

recent grid blackouts were caused by DG system failures [26], the DG placement objectives must be 

expanded to incorporate security and risk indices in addition to voltage profile, costs, and power loss 

(PL) indices for normal network conditions. The security and risk indices should also consider 

probabilistic approaches that combine the generation's uncertainties, load variations, and network 

contingencies. 

3.1.2 Literature survey 

Techniques for the allocation of renewable and non-renewable energy sources DG units in 

distribution networks have been discussed and proposed in several articles. Refs. [51, 174] present 

reviews on issues including approaches for optimal DG allocation, ancillary support from DGs, 

applications, prospects, and the impact of DG units on the distribution network. Recent optimal 

allocation techniques, objectives, and constraints for the DG units have been thoroughly investigated 

in [65, 175, 176]. The technique proposed in [176] extends beyond placement objectives and 

constraints to include suitable allocation techniques for the existing ancillary market and potential 

challenges in DGs management. Ref. [65] presents a comprehensive and systemic analysis of 

techniques for voltage enhancement and power loss reduction considering several network planning 
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variables and types of loads. Although modeling the DG unit allocation problem as a deterministic 

and single-objective problem is valid, as shown in [177], a practical approach to optimal DG 

allocation should be created using a stochastic multi-objective model. Refs. [90, 93, 178] proposed 

techniques for optimal DGs allocation considering generation and load uncertainties under several 

scenarios. The method in [178] involves Monte-Carlo simulation-based particle swarm optimization 

techniques with multiple DG units and battery storage. It focuses on economic objectives that may 

be extended to include technical objectives. 

  The allocation of DG units has primarily been achieved through analytical models based on 

specific performance metrics. Solutions are relatively easy to obtain with analytical models, and the 

conclusions are consistent under the conditions and assumptions given. Additionally, analytical 

models can minimize the computational complexity of unbalanced systems. Recent articles have 

explored analytical methods for allocating DGs in a distribution network. Refs. [84, 93] propose 

methodologies based on the loss sensitivity, voltage stability, and DG selection index. The voltage 

profile was improved using the probabilistic load flow (PLF)-based voltage stability evaluation 

technique and varied DGs operational power factors. 

The optimal DG units allocation problem is a multi-constraint and non-linear problem. 

Therefore, heuristic optimization algorithms are widely utilized over conventional optimization 

solving techniques. The preference for heuristic optimization techniques is due to the ability of 

heuristic algorithms to achieve better convergence with complex and non-linear problems. Like 

analytical methods, conventional optimization methods can be employed for problems with small 

networks and problems with fewer constraints, as shown in [179, 180]. Hybrid non-linear 

programming and metaheuristic algorithms are proposed in [181, 182] to enhance the performance 

of the conventional optimization methods. The problem-independent characteristic of metaheuristic 

algorithms makes it excellent for DG unit optimal allocation problems. Metaheuristic methods based 

on swarm intelligence are widely employed in the literature for optimal DG unit allocation. Swarm 

intelligence algorithms can adapt to changing constraint spaces and are immensely flexible and 

robust [98, 99]. Using several swarm intelligent-based algorithms, ref. [69] demonstrated the 

feasibility of achieving optimal allocation of multi DG units with different types. The objective 

includes voltage deviation and power loss minimization using the weak bus and loss sensitivity 

factor. Hybrid swarm intelligence techniques were also proposed in [21, 22] in order to enhance the 

performance of the swarm intelligent-based algorithms. 

The need for more robust and intelligent techniques leads to an increase in the applications 

of machine learning algorithms to power system problems. Machine learning algorithms have been 

applied to solve distribution system planning and DG allocation problems [183, 184]. A technique 

for optimal sizing of the PVDG sources in the unbalanced distribution network using reinforcement 

learning was proposed in [185]. The proposed reinforcement learning with a single regressor 

technique in [186] is helpful for the allocation of DGs in a network by anticipating voltage violations 
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for several generation scenarios. However, the suitability of the proposed technique to detect 

violations due to load changes cannot be established. 

3.1.3 Contributions and paper organization 

The proposed method in this paper involves optimizing the network's probabilistic risk index 

(RI) and power loss (PL) under the nodal hosting capacity and PVDG capacity constraints, using the 

decision tree classification technique. The RI is estimated using the probability of a node voltage 

existing outside the security limit and the severity of the deviation of the node voltage from the 

nominal value. The voltage probability is derived using a probabilistic unbalanced power flow 

technique based on Monte-Carlo simulations with normal distributions for load variations. The risk 

of undervoltage or overvoltage caused by the high penetration of DG can be reduced using the 

proposed allocation technique. Also, in this paper, the optimal RES-DG allocation was studied under 

three common RES-DG units voltage control modes: constant voltage (CV), reactive power-voltage 

(QV), and reactive power-power factor (Q-Pf).   

The literature survey shows that the security-based objectives and constraints have not been 

adequately addressed during the distribution network planning and expansion of existing networks. 

Therefore, there is a need to incorporate security-based probabilistic objectives and constraints in the 

DG placement problem formulation while considering the unbalanced state of the distribution 

network. Consequently, the main contributions of this paper include: 

1) applying network risk index (RI) variables to determine the optimal branch for PVDG(s) 

placement, 

2) applying a  hosting capacity and branch zero-point approach to obtain the optimal node for 

PVDG(s) placement, 

3) implementing a decision tree (DT) classification technique for optimal PVDG placement in an 

unbalanced distribution network and 

4) analysing the impacts of the different PVDG units' voltage control modes on the performance of 

the distribution network. 

  The rest of this paper is organized in the following order. Section 3.2 discussed the modern 

distribution network planning focusing on the impact of non-optimal DG allocation, the network's 

hosting capacity, and PV system modeling. The proposed approaches for RI evaluation, the DG 

placement problem formulation, and the decision tree (DT) classification model implementation are 

presented in Section 3.3. The results obtained from testing the proposed technique on IEEE 33 and 

69 nodes distribution networks are presented and discussed in Section 3.4, while the conclusions are 

presented in Section 3.5. 
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3.2 Modern Distribution Network Planning 

The penetration of DG systems and energy storage systems (ESS) in modern distribution 

systems will be substantial. As these systems become more widely used, the conventional role of 

distribution system operators in terms of planning and operation will change. When significant DG 

penetrations are to be anticipated for a distribution network in the future, the complexity of the 

planning models is also increased. Distribution networks should be analyzed for maximum allowable 

penetration of these systems, especially the RES-DG, to prevent jeopardizing grid security. 

Photovoltaic distributed generation (PVDG) and wind turbine distributed generation (WTDG) are 

the two most promising and common RES-DG systems. PVDG and WTDG units' output 

intermittency and variability exacerbate distribution system operators' forecasting, planning, and 

power scheduling challenges. The likelihood of contingencies within the distribution system, which 

can occur for various factors, increases the complexity of distribution network planning. 

Consequently, deterministic methods for distribution network planning may be ineffective for 

modern networks. 

Considering the capacities of the proposed DG units to be connected to the distribution 

network, the unit's peak power output, particularly the PVDG unit, is occasionally greater than the 

immediate local load demand. The excess power results in overvoltages and reverse power flow 

within the distribution network. Power curtailment, power exporting, storage technologies, and 

reactive power control techniques are solutions that have been explored to achieve power flow 

control. A PVDG unit reactive power local control technique based on the capabilities of the PV 

inverters is employed to maintain the local voltage within the acceptable range. The constant voltage 

(CV) mode, reactive power-voltage (QV) mode, and reactive power-power factor (Q-Pf) mode are 

three common types of local voltage control modes of PV inverter systems. 

3.2.1 Impact of non-optimal placement of DG units 

Distributed generation units convert a traditionally passive distribution network into a multi-

source active distribution network. The major advantages of proper penetration of DG into 

distribution networks include the reduction of overall network losses and improvement of the voltage 

profile. Another advantage is that distribution system operators can utilize the generation from 

specific DG units to control demand and supply fluctuation across different timelines and seasons 

[37]. 

Overpenetration of DG causes negative impacts, mostly discussed under power quality and 

protection problems. When the DG units generate more power than scheduled, it is referred to as 

overpenetration of DG within an active distribution network. The main causes of power quality issues 

are a lack of mechanical inertia in RES-DG units as well as unpredictability of solar irradiance and 

wind velocity. Likewise, the lack of fault current limiting capacity in RES-DG unit converters creates 

significant protection challenges [93]. 
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Sudden changes to the root mean square (RMS) voltage are caused by the solar irradiance 

and wind velocity changes. In a distribution network with significant loads, voltage sags and swells 

are common during fault periods and are accompanied by a prolonged restoration to a new steady-

state voltage magnitude. Several realistic scenario-based strategies, including improving the 

dispatchability of RES-DG units and prioritizing DG units with reactive power absorption 

capabilities, may be adopted to address voltage stability concerns that limit optimal DG penetration 

[11]. 

3.2.2 Hosting capacity 

The allocation and operation of distributed generation unit and other related components 

within a distribution network must conform to the IEEE Std 1547.1 standard. This standard specifies 

important distribution network hosting capacity requirements and DG operations [108]. The hosting 

capacity (HC) is estimated as the amount of power generation from DG that can penetrate the 

distribution network while maintaining acceptable network security limitations without requiring 

network reinforcements or expansion. Following a change in distribution network architecture, such 

as reconfiguration or expansion, a new HC value must be established for the network. 

The HC framework allows distribution system operators (DSOs) to assess the impact of DG 

units on the distribution network's performance by using specific sets of security indices. According 

to global and local constraints, HC values are assigned to the distribution network and individual 

nodes. Locational or nodal HC refers to the HC for the node. Because of the impact of geographical 

distance on the voltage profile, which is one of the critical constraints in HC evaluation, nodal HC is 

more popular for modern distribution networks. If 𝑆𝑆𝐷𝐷𝐷𝐷 is the total power from the DG units and 𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 

is the load connected to the node, then the nodal HC may be expressed analytically using (1). 

  𝐻𝐻𝐻𝐻(𝑖𝑖) = 𝑆𝑆𝐷𝐷𝐷𝐷
𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿

                    (1) 

The three major steps used to determine the HC for each node in the distribution network in this 

paper are as follows: 

Step 1 - Constraints selection 

The key constraints for hosting capacity evaluation are the thermal loading, voltage, power quality, 

and protection constraints. 

Step 2 – Constraints definition and HC estimation 

Local or global constraints are specified during the constraints definitions for nodal and global HC, 

respectively. The HC is subsequently estimated using normal power flow analysis considering the 

specified constraints.  

Step 3 – Security limits violation check 
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The final step in determining the nodal HC is to compare the estimated HC to the existing security limit. This 

step is required to assess the additional DG capacity that can be accommodated. 

3.2.3 Constraints definition  

The thermal limit is used to constrain the current flow in each phase (p) of the network 

branches as given in (2). The voltage constraint for HC estimation is given in (3). Individual harmonic 

distortion (IHD) constraints are used in (4) to ensure compliance with harmonic standards. The nodal 

fault current contribution and reverse power flow are the common protection constraints available 

for the HC estimation. The fault current contribution constraint is modeled as (5). Also, the reverse 

current representing the reverse power flow constraint is modeled as (6).  

  𝐼𝐼𝑏𝑏𝑏𝑏
𝑝𝑝 ≤ 𝐼𝐼𝑏𝑏𝑟𝑟,𝑚𝑚𝑚𝑚𝑚𝑚

𝑝𝑝                         (2) 

  𝑉𝑉𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚
𝑝𝑝 ≤ 𝑉𝑉𝑖𝑖

𝑝𝑝 ≤ 𝑉𝑉𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚
𝑝𝑝                    (3) 

  𝑉𝑉𝑖𝑖,𝑇𝑇𝑚𝑚 ≤ 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚                     (4) 

  𝐼𝐼𝑓𝑓
𝑝𝑝 ≤ 𝐼𝐼𝑓𝑓,𝑚𝑚𝑚𝑚𝑚𝑚

𝑝𝑝                         (5) 

  𝐼𝐼𝑟𝑟
𝑝𝑝 ≤ 𝐼𝐼𝑟𝑟,𝑚𝑚𝑚𝑚𝑚𝑚

𝑝𝑝                      (6) 

where 𝐼𝐼𝑏𝑏𝑏𝑏,𝑚𝑚𝑚𝑚𝑚𝑚
𝑝𝑝  is the current carrying capacity of the branch, 𝑉𝑉𝑖𝑖

𝑝𝑝 is the node phase voltage, 𝑉𝑉𝑖𝑖,𝑇𝑇ℎ  is the 

voltage distortion at node 𝑖𝑖 for the harmonic order 𝑚𝑚 for period 𝑇𝑇. 𝐼𝐼𝑓𝑓
𝑝𝑝 and 𝐼𝐼𝑟𝑟

𝑝𝑝 are the fault and reverse 

currents for each phase. 

3.2.4 PV modeling and inverter voltage control  

The power output of photovoltaic DG (PVDG) systems depends on the environmental 

conditions around the installation site. Environmental conditions, precisely the ambient temperature 

and solar irradiance vary every time and season. Several methods have been proposed to model the 

solar irradiance characteristics [187, 188]. Increased penetration of PVDG into the distribution 

networks will undoubtedly affect the system's operation in the normal state due to the stochastic 

nature of the PVDG output. This paper, therefore, proposes a technique aimed at reducing the voltage 

risk during normal and probabilistic operation states where all the security conditions are always met 

with varying levels of power generation from PVDGs. Optimal allocation and operation of PVDG 

will support the network to remain in the normal state or recover from the alert and emergency states 

in terms of flexibility services. Peak load shaving, valley filling, load shifting, frequency support, 

and voltage support are examples of obtainable flexibility supports from distribution networks with 

PVDG [189].   
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The PVDG unit's performance depends on the season, time of day, and PVDG inverter 

efficiency. The power output from PV generators is modeled in (7). The PV cell temperature (𝑇𝑇𝑐𝑐) is 

represented in (8), while the variation of the power output from PV ( 𝑃𝑃𝑝𝑝𝑝𝑝) is represented by the 

function in (9) [190, 191].  

𝑃𝑃𝑝𝑝𝑝𝑝 = 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠 �
𝐺𝐺

1000
(1 + 𝛿𝛿[𝑇𝑇𝑐𝑐 − 25])�                     (7) 

𝑇𝑇𝑐𝑐 = 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 + �𝑇𝑇𝑐𝑐−𝑛𝑛−20
800

�𝐺𝐺                    (8) 

𝑓𝑓�𝑃𝑃𝑝𝑝𝑝𝑝� = 1
𝜎𝜎√2𝜋𝜋

𝐸𝐸𝐸𝐸𝐸𝐸 �− 1
2
�𝑃𝑃𝑝𝑝𝑝𝑝−𝜇𝜇�

2

𝜎𝜎2
�                       (9) 

where 𝜇𝜇 and 𝜎𝜎 are the expected mean value and standard deviations of the power output from the 

PVDG units, 𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 and 𝑇𝑇𝑐𝑐−𝑛𝑛 are the ambient temperature, cell temperature at nominal operating 

conditions in ℃, respectively,  𝐺𝐺 is the solar irradiance in (𝑊𝑊 𝑚𝑚2)⁄ , 𝛿𝛿 is the power-temperature 

coefficient (%/℃), and 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠 is the power under standard conditions. 

3.2.4.1 Constant voltage (CV) mode 
The constant voltage (CV) mode for local voltage control is one of the most commonly used 

voltage control techniques in PV systems. The CV mode enables the PV system to generate optimal 

power using a suitable maximum power point tracking (MPPT) method. The output voltage of the 

PV system is kept constant irrespective of the changes in environmental conditions (solar irradiance 

and temperature) [192]. The CV technique ensures that the difference between a reference voltage 

and the output voltage of the PV converter is below a certain threshold. The output voltage (𝑉𝑉𝑜𝑜) 

modeled by (10) is maintained at a constant value by altering the converter's duty cycle 𝐷𝐷 [193].  

𝑉𝑉𝑜𝑜 = 𝑉𝑉𝑖𝑖𝑖𝑖(𝐾𝐾+1)
1−𝐷𝐷

                      (10) 

where 𝑉𝑉𝑜𝑜 is the output voltage, 𝑉𝑉𝑖𝑖𝑖𝑖 is the voltage before the PV converter, and 𝐾𝐾 is a constant 

representing the PV converter turn ratio.  

3.2.4.2 Reactive power-voltage (QV) control mode 
In the reactive power-voltage (QV) control mode, the active power from the PV system is 

kept constant, while the reactive power 𝑄𝑄𝑉𝑉 is determined according to the voltage at the node to 

which the PV is connected. If 𝑄𝑄𝑚𝑚𝑚𝑚𝑚𝑚
𝑖𝑖  is the maximum reactive power generation limit of the PV 

system, then the reactive power at the PV inverter node can be modeled using (11) to (13) [194]. 
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𝑄𝑄𝑉𝑉𝑖𝑖 =

⎩
⎪
⎨

⎪
⎧

     𝑄𝑄𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚

𝛼𝛼 
0 
𝛽𝛽

  −𝑄𝑄𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚

           

𝑉𝑉𝑖𝑖 < 𝑉𝑉1
𝑉𝑉1 ≤ 𝑉𝑉𝑖𝑖 ≤ 𝑉𝑉2
𝑉𝑉2 ≤ 𝑉𝑉𝑖𝑖 ≤ 𝑉𝑉3
𝑉𝑉3 ≤ 𝑉𝑉𝑖𝑖 ≤ 𝑉𝑉4
𝑉𝑉𝑖𝑖 > 𝑉𝑉4

                   (11) 

𝛼𝛼 = 𝑄𝑄𝑖𝑖
𝑚𝑚𝑚𝑚𝑚𝑚

𝑉𝑉1−𝑉𝑉2(𝑉𝑉𝑖𝑖−𝑉𝑉1)
+ 𝑄𝑄𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                   (12) 

𝛽𝛽 = 𝑄𝑄𝑖𝑖
𝑚𝑚𝑚𝑚𝑚𝑚

𝑉𝑉3−𝑉𝑉4(𝑉𝑉𝑖𝑖−𝑉𝑉3)
+ 𝑄𝑄𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚                 (13) 

where 𝑉𝑉1 and 𝑉𝑉4 are the lower and upper voltage limits respectively, 𝑉𝑉2 and 𝑉𝑉3 are the lower and 

upper voltage limits of the dead zone, respectively. 

3.2.4.3 Reactive power-power factor (Q-PF) control mode 

In the variable reactive power-power factor characteristic mode, the active power from the 

PVDG unit is determined by varying the unit's power factor. The PVDG unit's operating power factor 

translated linearly within a predefined minimum and maximum active power limits, as shown in 

Figure 3.2. When the active power delivered by the PVDG unit is lesser than a predefined minimum 

limit which is the PVDG unit rated active power (𝑃𝑃𝑟𝑟), the PVDG power factor is unity. As 𝑃𝑃 

approaches 𝑃𝑃𝑟𝑟, the power factor also approaches the minimum power factor 𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚. The effective 

operating power factor (𝑝𝑝𝑝𝑝) and the reactive power (𝑄𝑄𝑖𝑖) of the PVDG unit can be modeled using (14) 

to (16). 

 
Figure 3.2: Power factor-active power curve 

𝑝𝑝𝑝𝑝 = �
1

1 + 𝛾𝛾 
𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚

           
0 ≤ 𝑃𝑃 < 𝑃𝑃𝑠𝑠
𝑃𝑃𝑠𝑠 ≤ 𝑃𝑃 ≤ 𝑃𝑃𝑟𝑟
𝑃𝑃 = 𝑃𝑃𝑟𝑟

                       (14) 

𝛾𝛾 = 1 − 𝑝𝑝𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃𝑠𝑠

− 𝑃𝑃𝑟𝑟                    (15) 

𝑄𝑄𝑖𝑖 = �1−𝑝𝑝𝑝𝑝2

𝑝𝑝𝑝𝑝
𝑃𝑃𝑟𝑟                     (16) 
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3.3 Methodology 

The allocation of RES-DG in a modern distribution network is a probabilistic network 

planning problem that must account for uncertainties. Possible contingencies as well as variations in 

the output of the PVDG units and node loads are among the uncertainties that must be considered for 

the modern distribution network. The variations in the node load are modeled using appropriate 

distribution functions. However, given that the distribution network's topology remains constant 

before implementing reconfiguration schemes, a degree of certainty can be anticipated. This paper, 

therefore, seeks to determine the optimal PVDG units placement through the deterministic and 

stochastic variables-based decision tree (DT) model. The network risk index (RI) and power loss 

(PL) are considered probabilistic indices, whereas hosting capacity (HC) and zero-point are 

considered deterministic indices. 

3.3.1 Modeling the voltage risk index 

The risk index (RI) represents a quantitative risk level assessment of the node voltage of the 

distribution network. In this paper, the voltage RI is estimated based on the probability that the 

voltage at the node will exist outside the permissible limits. The algorithm proposed for the modeling 

of a distribution network RI is based on the Monte-Carlo simulation-based probabilistic load flow 

(MCSPLF) method as shown in (17) and (18) [195, 196]. The loads' active and reactive power 

variations are modeled using the normal probability distribution functions (pdfs) as shown in (19). 

𝑃𝑃𝑙𝑙𝑙𝑙�𝑠𝑠〈𝜇𝜇𝑃𝑃𝑙𝑙𝑙𝑙 ,𝜎𝜎𝑃𝑃𝑙𝑙𝑙𝑙〉� = 𝐺𝐺�𝑓𝑓(𝑃𝑃𝑙𝑙),ℎ(𝑠𝑠), 𝜇𝜇𝑃𝑃𝑙𝑙𝑙𝑙 ,𝜎𝜎𝑃𝑃𝑙𝑙𝑙𝑙�              (17) 

𝑄𝑄𝑙𝑙𝑙𝑙�𝑠𝑠〈𝜇𝜇𝑄𝑄𝑙𝑙𝑙𝑙 ,𝜎𝜎𝑄𝑄𝑙𝑙𝑙𝑙〉� = 𝐺𝐺�𝑓𝑓(𝑄𝑄𝑙𝑙),ℎ(𝑠𝑠), 𝜇𝜇𝑄𝑄𝑙𝑙𝑙𝑙 ,𝜎𝜎𝑄𝑄𝑙𝑙𝑙𝑙�                           (18) 

𝑓𝑓(𝑃𝑃𝑙𝑙 ,𝑄𝑄𝑙𝑙) = 1
�2𝜋𝜋𝜋𝜋(𝑃𝑃𝑙𝑙,𝑄𝑄𝑙𝑙)

𝑒𝑒𝑒𝑒𝑒𝑒 �− ((𝑃𝑃𝑙𝑙,𝑄𝑄𝑙𝑙)−𝜇𝜇(𝑃𝑃𝑙𝑙,𝑄𝑄𝑙𝑙))2

2𝜎𝜎(𝑃𝑃𝑙𝑙,𝑄𝑄𝑙𝑙)
2 �                  (19) 

where ℎ is the random sample in the set of possible samples for the 𝑠𝑠-th scenario,  𝜇𝜇 and 𝜎𝜎 are the 

expected value and standard deviations of the active (𝑃𝑃𝑙𝑙) and reactive (𝑄𝑄𝑙𝑙) loads, respectively.  

If 𝐴𝐴 is the severity of the average node voltage deviation after the 𝑠𝑠-th probabilistic load 

flow, the RI can be modeled as (20). The probability 𝑃𝑃𝑟𝑟(𝑖𝑖) that the voltage at the 𝑖𝑖-th node will exist 

outside the permissible limit can be modeled as (21), and 𝐴𝐴(𝑖𝑖) is defined as (22), where 𝑉𝑉 is the 

average voltage for the set of 𝑠𝑠-th sample instances, 𝑁𝑁 is the total number of simulations, 𝑛𝑛1 is the 

total number of 𝑉𝑉 lesser than 0.95 p.u., and 𝑛𝑛2 is the total number of 𝑉𝑉 greater than 1.05 p.u. 

𝑅𝑅𝑅𝑅(𝑖𝑖) = 𝑃𝑃𝑟𝑟(𝑖𝑖) ∗ 𝐴𝐴(𝑖𝑖)                                   (20) 

𝑃𝑃𝑟𝑟(𝑖𝑖) = lim
𝑁𝑁→∞

(𝑛𝑛1)
𝑁𝑁

+ lim
𝑁𝑁→∞

(𝑛𝑛2)
𝑁𝑁

                (21) 
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𝐴𝐴(𝑖𝑖) = �1 − 𝑉𝑉(𝑖𝑖)�                             (22) 

3.3.2 Unbalanced distribution network power loss modeling 

The radial network topology is the common distribution network topology for several 

reasons. Several branches are connected to a substation's feeder. Unless any voltage control measure 

is implemented within the network, the node voltage magnitude is proportional to the node's distance 

from the substation, assuming the node loads are equal. The operation of  DGs in a radial distribution 

network topology is less complicated. Therefore, since the distribution network is realistically 

unbalanced due to asymmetric line characteristics and load imbalance in the network phases, accurate 

network assessment is mainly obtainable through unbalanced assessment mode. In addition, more 

reliable data for DG allocation techniques may be obtained from the unbalanced network modeling 

and assessment [197]. A three-phase unbalanced network may be modeled using a single branch, as 

shown in Figure 3.3 [198]. 

 
Figure 3.3: Unbalance network model 

From Figure 3.3, if 𝑍𝑍𝑖𝑖𝑖𝑖,𝑎𝑎, 𝑍𝑍𝑖𝑖𝑖𝑖,𝑏𝑏 and 𝑍𝑍𝑖𝑖𝑖𝑖,𝑐𝑐 are the line impedances for each phase between the 

nodes, and 𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑎𝑎, 𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑏𝑏, 𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑐𝑐 are the vector line currents, then the total current at node 𝑖𝑖 and voltage 

drops across each phase in the branch 𝑖𝑖𝑖𝑖 are given as (23) and (24), respectively. Hereafter, the 

network is assessed to determine the nodes' voltage deviation and power loss. The total power loss 

in an unbalanced distribution network is modeled in (25). The power loss is evaluated considering 

the active and reactive power flow constraints per phase, as shown in (26) and (27), respectively. 

𝐼𝐼𝑖̅𝑖⏟
𝑎𝑎,𝑏𝑏,𝑐𝑐

= 𝐼𝐼𝑖̅𝑖,𝐿𝐿�
𝑎𝑎,𝑏𝑏,𝑐𝑐

+ 𝐼𝐼𝑖̅𝑖𝑖𝑖�
𝑎𝑎,𝑏𝑏,𝑐𝑐

                  (23) 

�
∆𝑉𝑉�𝑖𝑖𝑖𝑖,𝑎𝑎

∆𝑉𝑉�𝑖𝑖𝑖𝑖,𝑏𝑏

∆𝑉𝑉�𝑖𝑖𝑖𝑖,𝑐𝑐

� = �
𝑍𝑍𝑖𝑖𝑖𝑖,𝑎𝑎 𝑍𝑍𝑖𝑖𝑖𝑖,𝑎𝑎−𝑏𝑏, 𝑍𝑍𝑖𝑖𝑖𝑖,𝑎𝑎−𝑐𝑐
𝑍𝑍𝑖𝑖𝑖𝑖,𝑎𝑎−𝑏𝑏 𝑍𝑍𝑖𝑖𝑖𝑖,𝑏𝑏 𝑍𝑍𝑖𝑖𝑖𝑖,𝑏𝑏−𝑐𝑐
𝑍𝑍𝑖𝑖𝑖𝑖,𝑎𝑎−𝑐𝑐 𝑍𝑍𝑖𝑖𝑖𝑖,𝑏𝑏−𝑐𝑐 𝑍𝑍𝑖𝑖𝑖𝑖,𝑐𝑐

� = �
𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑎𝑎

𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑏𝑏

𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑐𝑐

�               (24) 

𝑃𝑃𝑃𝑃 = ∑ (𝑍𝑍𝑖𝑖𝑖𝑖,𝑎𝑎𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑎𝑎
2 + 𝑍𝑍𝑖𝑖𝑖𝑖,𝑏𝑏𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑏𝑏

2 +𝑚𝑚
𝑘𝑘=1 𝑍𝑍𝑖𝑖𝑖𝑖,𝑐𝑐𝐼𝐼𝑖̅𝑖𝑖𝑖,𝑐𝑐

2)                 (25) 
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𝑃𝑃𝑖𝑖
𝑝𝑝 = 𝑃𝑃𝑖𝑖

𝑝𝑝 + 𝑉𝑉𝑖𝑖
𝑝𝑝 ∑ ∑ 𝑉𝑉𝑗𝑗𝑛𝑛�𝐺𝐺𝑖𝑖𝑖𝑖

𝑝𝑝 cos𝜃𝜃𝑖𝑖𝑖𝑖
𝑝𝑝 + 𝐵𝐵𝑖𝑖𝑖𝑖

𝑝𝑝 sin𝜃𝜃𝑖𝑖𝑖𝑖
𝑝𝑝�𝑛𝑛=1𝑗𝑗=1               (26) 

𝑄𝑄𝑖𝑖
𝑝𝑝 = 𝑄𝑄𝑖𝑖

𝑝𝑝 + 𝑉𝑉𝑖𝑖
𝑝𝑝 ∑ ∑ 𝑉𝑉𝑗𝑗𝑛𝑛�𝐺𝐺𝑖𝑖𝑖𝑖

𝑝𝑝 sin𝜃𝜃𝑖𝑖𝑖𝑖
𝑝𝑝 − 𝐵𝐵𝑖𝑖𝑖𝑖

𝑝𝑝 cos𝜃𝜃𝑖𝑖𝑖𝑖
𝑝𝑝�𝑛𝑛=1𝑗𝑗=1             (27) 

where 𝑃𝑃𝑖𝑖
𝑝𝑝 and 𝑄𝑄𝑖𝑖

𝑝𝑝 are the active and reactive power generation per phase at node i, respectively;  𝐺𝐺𝑖𝑖𝑖𝑖 

is the conductance between nodes i and j; 𝐵𝐵𝑖𝑖𝑖𝑖 is the node susceptance between nodes i and j;  𝑛𝑛 is the 

number of phases (𝑝𝑝); m is the number of branches; 𝑉𝑉𝑖𝑖 and 𝑉𝑉𝑗𝑗 are the voltage magnitudes of the nodes 

i and j, respectively; and 𝜃𝜃𝑖𝑖𝑖𝑖 is the angle of the admittance between nodes i and j.  

3.3.3  Optimal PVDG placement problem formulation 

The allocation of DG for modern distribution networks is often regarded as an optimization 

problem. This paper proposes a classification decision tree (DT) model for optimal DG allocation. 

The variables considered for optimization are the branches' risk index and power loss. If 𝛼𝛼 and 𝛽𝛽 

represent the unitless voltage risk index (RI) and power loss (PL) variables, respectively, then the 

optimal location (𝑌𝑌) for the DG can be obtained from the problem formulated in (28) constrained by 

the total considered PVDG units' capacity. 

𝑌𝑌 = min (𝛼𝛼 + 𝛽𝛽)                       (28) 

 Subject to:   

𝑆𝑆𝑡𝑡𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑆𝑆𝑡𝑡𝑡𝑡 ≤ 𝑆𝑆𝑡𝑡𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚  

3.3.4 Decision tree-based classification 

Decision trees (DT) have been proven to be effective for classification optimization 

problems. A DT is constructed from nodes and edges that are arranged in a hierarchical pattern. In 

order to create the DT structure, a data instance is classified as yes or no based on predefined 

conditions. The classification is progressed from top to bottom until a conclusion that corresponds to 

the optimization objective is obtained. The DT algorithm was adopted in this paper because of its 

flexibility, capability to handle numerical and categorical data, and excellent performance with small 

and large datasets. For some problems, a DT can be developed without a dataset in some cases. 

As shown in Figure 3.4, there are three types of nodes in a DT. The dots represent the number 

of instances in a given dataset, while the colors represent the instances with similar intrinsic 

properties to be used for classification. The root node is normally at the top of the hierarchy, with 

only outgoing edges and no incoming edges. Internal or parent nodes have both incoming and 

outgoing edges, whereas leaf nodes have only incoming edges and no outgoing edges. The sum of 

all the instances in child nodes derived from the same parent node must equal the number of instances 



55 

in the parent node. The generic structure of a DT is developed following a recursive application of 

Hunt's algorithm [199]. 

 
Figure 3.4: Decision tree model 

The decision tree algorithm is preferred due to its capability to perform well on several data 

types. The DT algorithm is implemented by splitting the parent node into child nodes. The process 

is repeated on each child node until a homogenous node known as the leaf node is obtained. Node 

splitting may be achieved using several techniques based on the type of class variable. If 𝑅𝑅𝑡𝑡 is a 

collection of records from which a logical conclusion for a node 𝑡𝑡 can be derived, and all of the 

records in 𝑅𝑅𝑡𝑡 belong to the same class, the node 𝑡𝑡 is considered a child node and is labeled 𝐶𝐶𝑡𝑡. On 

the other hand, 𝑅𝑅𝑡𝑡  is considered a parent node 𝑃𝑃𝑡𝑡 if it contains records from several classes. Only 

internal nodes can be both the parent and the child node simultaneously. The records of 𝑅𝑅𝑡𝑡 are 

subsequently distributed to the children based on the classification outcome [200]. This procedure is 

repeated for each child node until further classification is no longer possible. In this paper, the set 𝑅𝑅𝑡𝑡 

comprises of RI, HC, and branch load deficit (𝜎𝜎) for all the branches in the distribution network. The 

classifications based on the capacity of the proposed DG and zero-point (Ϫ) are done at the internal 

nodes. Finally, the leaf nodes determine whether or not to install a DG at a distribution network node 

based on the value of HC. 

3.4 Results and discussion 

3.4.1 IEEE 33 Nodes test case results 

The results and discussions of testing the proposed approach on the modified IEEE 33 node 

distribution network obtained from [201] are presented in this section. The network is a radial 

network consisting of 33 nodes and 32 branches, as shown in Figure 3.5. The IEEE 33-node radial 

distribution network is common for testing and comparing proposed DG unit placements algorithms. 

It has a voltage of 12.66 kV, load size of 3.715 MW and 2.3 Mvar. The total active and reactive 

power losses for the base network are 210.01 kW and 142.45 kvar, respectively, before PVDG(s) 
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placement. The sizes of the PVDG unit used are 50%, 75%, and 95% of the total load for the 

simulation case 1, case 2, and case 3, respectively. The unbalanced phase load distributions for nodes 

30 and 24 represent the worst-case phase load distribution in the network, as shown in Figure 3.6. 

The normal and probabilistic power flow assessments, hosting capacity evaluation, and PVDG 

voltage control modes are simulated using the Powerfactory 2021.  

The highest normal state and probabilistic loadings of 34% and 44.6% are recorded for 

branch 2. A worst-case voltage magnitude of 0.96 p.u. was obtained for the unbalanced distribution 

network under the normal state. Figure 3.7 shows the base network's normal and probabilistic voltage 

profile obtained from 10,000 simulation instances. The standard deviation of the probabilistic voltage 

profile is highly correlated with the mean voltage magnitude, and it increases with node distance 

from the substation. Under the probabilistic assessment with 10,000 simulation scenarios, 25 nodes 

have average voltage magnitudes below the permissible limit of 0.95 p.u. 

 
Figure 3.5: IEEE 33 Node distribution network 

 
Figure 3.6: Phase load distributions 

Figure 3.8 shows the branches' power losses and line loadings under normal and probabilistic 

assessments for the IEEE 33-nodes distribution network base case. The total probabilistic active 

power losses obtained from the summation of the branch losses is 215 kW. The highest losses and 

loading are recorded for lines 27-28 and 6-26, respectively. The nodal RI and the voltage standard 

deviation are shown in Figure 3.9. The worst nodal RIs correspond to nodes with significant average 
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voltage magnitude deviation from the standard value of 1 p.u. The RI and voltage standard deviation 

increase with distance from the branch or generator. Depending on the capacity and local control 

technique adopted for the proposed DG within a distribution network, high RI and voltage standard 

deviation may be recorded around the DG connected node(s).  

The nodal hosting capacities (HC) and the corresponding minimum voltage for each node 

and critical voltage (𝑽𝑽𝒄𝒄𝒄𝒄) are shown in Figure 3.10. The final minimum HC voltage values may be 

used to determine the optimal nodes for HC enhancement. Also, each node's fault current 

contribution constraint is set at 10% of the total fault current. The nodal fault current is obtained from 

a three-phase short circuit analysis using the equivalent synchronous machine model. Branch 2 had 

the lowest average hosting capacity value of 3.03 MVA. Because the nodal HC is constrained by the 

node voltage, which would be increased after installing DG on a branch, it is expected that the new 

HC will be slightly improved. However, this may not be the case for all the DG types and local 

voltage control techniques. Therefore, the optimal node for the DG allocation should generate the 

greatest HC improvement or retain the highest HC after installing the DG. In addition, an average 

critical voltage of 0.66 p.u. was obtained for the base network, corresponding to a maximum network 

capacity of 18.4 MW.  

 
Figure 3.7: Network normal and probabilistic voltage profiles 

 

 
Figure 3.8: Base network losses and loading 
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Figure 3.9: Base network risk index and voltage std 

 
Figure 3.10: Network hosting capacity and voltage parameters 

  

3.4.1.1 Decision tree classification results 

This section presents the implementation of the proposed DT model to obtain the optimal 

node(s) to minimize the power loss and risk index. In addition to being effective for network branches 

without existing DGs, the proposed method is extended to network branches with DGs already 

installed. The proposed DT model is shown in Figure 3.11, whereby 𝐵𝐵 is the branch, 𝜎𝜎 is the branch 

load deficit, and Ϫ is the branch zero point. The only parameter required is the capacities of the 

proposed DG system. The branch load deficit is the amount by which the DG undersupplies the 

branch. The zero point is the node on the branch where the DG generation is equal to the cumulative 

load from the end of the branch.  

The first step in the optimization procedure is to determine whether or not the branch is 

already occupied by DG(s). If the branch is unoccupied, the branch with the highest 𝛼𝛼 and 𝛽𝛽 in the 

network will be selected for the DG placement, considering the proposed DG's capacity. If the 

planned DG's capacity exceeds the branch load, the DG is placed on the highest HC node. Otherwise, 

the DG is placed at the branch's zero point. However, if the branch already has DG, the size of the 

proposed DG is compared with the branch's deficit load. If the proposed DG's capacity is greater than 

the branch's deficit load, the DG is placed on the node with the highest HC. Otherwise, the DG is 

placed at the branch's zero point. The decision tree classification was implemented on the WEKA 
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machine learning tool. WEKA software provides a collection of machine learning classification 

algorithms, including decision tree classification for data mining tasks. 

 
Figure 3.11: Implementation of the DT model 

The proposed DT consists of nine leaf nodes from which nine rules may be created. The first 

five rules are applied to branches with only one DG allowed, while the last four rules are applied in 

scenarios where more than one DG may occupy a branch. Table 3.1 shows the rule table from which 

the DT model is developed. The DG considered in this paper is the photovoltaic (PV) system under 

three local voltage control techniques. This paper investigates two study instances (Study 1 and 2) 

representing the dispatchable power from the DGs. The branch status is used to inquire whether 

occupied branches are considered or not. The status is labeled "No" if only empty branches are 

considered and designated as "NC". If occupied branches are considered, the status is labeled "Yes" 

and designated as "OC". The first study instance considered when the total power from PVDG units 

is lesser than the total distribution network demand, while the second study instance considered when 

the total power from PVDG units is equal to the total distribution network demand.  

The peak power generation from all installed PVDG units in operation under study 1 in this 

paper is 65% of the total load. The capacities of the proposed PVDG units for study 1 are 

approximated to be 32%, 21%, and 11% of the total network load, while the capacities of the 

proposed PVDG units for study 2 are approximated to be 50%, 33%, and 17% of the total network 

load. The composition of the simulation scenarios considered in this paper is shown in Table 3.2. 

Through the proposed DT model, considering a maximum of three PVDG units in the distribution 

network with the stated capacities, the optimal nodes for the PVDG units placement for scenarios 1 

to 4 are shown in Tables 3.3 to 3.5. The optimal nodes for scenarios 3 and 4 are the same, as shown 

in Table 3.5. Except for case 3, the optimal nodes obtained for scenario 1 are the same as those for 

scenario 2.  

 



60 

Table 3.1: Proposed decision table 

Conditions 
Rules 

R1 R2 R3 R4 R5 R6 R7 R8 R9 

Branch (B) status No No No No No Yes Yes Yes Yes 

𝛼𝛼 and 𝛽𝛽 No Yes Yes Yes Yes - - - - 

DG Capacity ≥ 

𝐵𝐵𝑀𝑀𝑀𝑀𝑀𝑀 
- Yes Yes No No - - - - 

Node position - - - Yes No - - Yes No 

Nodal HC - Yes No - - Yes No - - 

DG 

Capacity ≥deficit 
- - - - - Yes Yes No No 

Action  

Install DG No Yes No Yes No Yes No Yes No 

 

Table 3.2: Simulation scenarios 
Scenario 1 Study 1 + NC  

Scenario 2 Study 1 + OC 

Scenario 3 Study 2 + NC  

Scenario 4 Study 2 + OC  

 

Table 3.3: Optimal nodes for PVDG(s) placement  for scenario 1 
Cases No of DG DG capacity (MVA) Node 

Case 1 1 DG 1.5 26   

Case 2 2 DGs 15, 1 26 9  

Case 3 3 DGs 1.5, 1, 0.5 26 9 24 

Table 3.4: Optimal nodes for PVDG(s) placement  for scenario 2 
Cases No of DG DG capacity (MVA) Node 

Case 1 1 DG 1.5 26   

Case 2 2 DGs 15, 1 26 9  

Case 3 3 DGs 1.5, 1, 0.5 26 9 16 
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Table 3.5: Optimal nodes for PVDG(s) placement for scenarios 3 and 4 
Cases No of DG DG capacity (MVA) Node 

Case 1 1 DG 2.25 26   

Case 2 2 DGs 2.25, 1.5 26 16   

Case 3 3 DGs 2.25, 1.5, 0.75 26 16 25 

 

3.4.1.2 Optimal PVDG placement results 
  The impact of optimal DG placement on the network's voltage profile considering different 

PVDG local voltage control techniques is shown in the results presented in Figures 3.12 to 3.14. 

Figure 3.12 shows the normal state distribution network voltage profile for cases 1 to 3 under scenario 

1, for the constant voltage control mode. Case 3 presents the best average normal and probabilistic 

voltage of 0.99 p.u. and 0.979 p.u. at the lowest standard deviations of 0.029. The highest active 

power loss reduction of 21.75% was obtained for branch 2 under case 2. The highest reactive power 

loss reduction of 71.9% was recorded for cases 2 and 3 under scenario 1 as well as case 2 under 

scenario 2. Also, the average RI was reduced by 83.9% for all the cases. The HC enhancement of 

16.97% was obtained under case 1 and increased to 41% under case 3. 

  Figure 3.13 shows the network voltage profile for case 3 under the study 1 and 2 considering 

the constant voltage control mode. The minimum voltage of 0.97 p.u. was recorded for nodes 31 – 

33 for all the scenarios. The average network voltage for study 1 and 2 is 0.99 p.u. For both studies, 

the probabilistic mean voltage and standard deviation are 0.98 p.u. and 0.002, respectively. The risk 

of overvoltage within the distribution network increases in scenarios 3 and 4. The lowest and highest 

HC enhancement of 39.9% and 41.8% were obtained under scenarios 1 and 3.  

  The impacts of the three common PVDG voltage control techniques on the network's 

performance under scenario 1 for case 3 are shown in Figure 3.14. Although the average voltage 

obtained under the Q-PF control is above 1 p.u., with overvoltages occurring around the PVDG 

connected nodes, the QV controlled network shows the highest risk of 4.1. The CV-controlled 

network shows the best probabilistic voltage, standard deviation, RI, and HC enhancements. 

Although the QV-controlled network has the worst probabilistic voltage, it offers a significant HC 

enhancement of 15% on the base network HC, whereas the Q-PF controlled network shows a 

reduction of 21.13%.  
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Figure 3.12: Network voltage profile under CV-control mode 

 
Figure 3.13: Network voltage profiles under different scenarios 

 
Figure 3.14: Network voltage profile for different control modes 

  Figures 3.15 to 3.17 show the performance of the proposed technique in terms of active 

power loss reduction. Figure 3.15 shows no strong correlation between the numbers of PVDG units 

and the total active power loss of the network. The active power loss may increase if more PVDG is 

added to the network beyond the optimal generation. The difference in active power loss under case 

2 and case 3 for all the branches are insignificant. Branch 2 under Case 3 had the highest active power 

loss reduction of 22.65%. 

  The impacts of the PVDG unit voltage control techniques on the network's power loss under 

scenario 1 case 3 are shown in Figure 3.16. The active power loss for the Q-PF-controlled PVDG is 

consistently lesser than the CV and QV-controlled PVDG in a network except for branch 3. Although 

the Q-PF-controlled PVDG shows the best active power loss reduction for case 1, the total active 

power loss increases as the number of installed PVDG increases. In contrast, the total active power 

loss of the CV and QV-controlled PVDG reduces as the numbers of PVDG increases. The active 

power loss reduction for scenario 1 increases as the installed PVDG increases, as shown in Figure 

0.9

0.95

1

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33

V
ol

ta
ge

 (p
.u

.)
Node

Case 1 Case 2 Case 3

0.9

0.95

1

1.05

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33

V
ol

ta
ge

 (p
.u

.)

Node

Scenario 1 Scenario 2 Scenarios 3 & 4

0.85

0.9

0.95

1

1.05

1.1

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33

V
ol

ta
ge

 (p
.u

.)

Node

CV QV Q–PF



63 

3.17. The active power loss reduction of branch 4 is the same for all the cases at 1.7%. As the number 

of PVDG units increased from one to three, the percentage reductions of 350% and 384% were 

recorded for branches 1 and 3. For the QV-controlled PVDG instances, case 3 under scenario 1 

presents the highest reactive power reduction of 57.8%. Like the CV-controlled PVDG units, the Q-

PF-controlled units present a significant reactive power reduction of 72% for case 2 under scenarios 

1 and 2. 

 
Figure 3.15: Network power loss under CV control mode 

 
Figure 3.16: Normal power loss for different voltage control modes 

 
Figure 3.17: Percentage power loss reduction for CV mode 

The risk indices of the networks after placements of PVDG units for case 3 are shown in 

Figures 3.18 and 3.19. Figure 3.18 shows the RI of the network for scenario 1 with a CV-controlled 

PVDG unit. The installation of more PVDG units, as shown in cases 2 and 3, yields lower risk indices 

across the network's nodes. The highest RI reduction of 93.5% from the base case RI is obtained 

from case 2. The highest RI reduction on the network was observed for branch 3 (nodes 2 to18) from 
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13.57 to 0.15 under case 2. Since the voltages at the CV-controlled PVDG connected node are kept 

at 1 p.u., the risks of overvoltages are significantly reduced, as shown in Figure 3.19. However, the 

RI increases as the capacities of the PVDG units increase, as shown in scenario 3. In addition to the 

high RI shown by the QV-controlled PVDG, the maximum distribution network capacity is lesser 

than the CV and Q-PF-controlled PVDG units.  

 
Figure 3.18: Network risk index under CV-control mode 

 
Figure 3.19: Network risk index under different control modes 

3.4.2 IEEE 69 Nodes test case result 

The results and discussions of testing the proposed approach on the IEEE 69 node 

distribution network shown in Figure 3.20 and data obtained from [202] are presented in this section. 

The network has eight branches, and the total apparent load is 4600 kVA, with 44% of the total load 

connected to branch 8. The total active power loss, reactive power loss and average voltage of the 

network are 210.8 kW, 140 kvar and 0.97 p.u., respectively. The voltage standard deviation and the 

average network risk index are 0.022 and 0.7. An average HC capacity of 8.3 MVA with the lowest 

value of 1.6 MVA for node 27 was recorded for the base network. Through the proposed DT model 

and considering a maximum of three PVDG units in the distribution network with the stated 

capacities for the IEEE 33 node distribution network, the optimal nodes for the PVDG units 

placement for scenarios 1 and 2 are the same, as shown in Tables 3.6. The optimal nodes for the 

PVDG units placement for scenarios 3 and 4 are also the same, as shown in Table 3.7. 
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Figure 3.20: IEEE 69 Node distribution network 

Table 3.6: Optimal nodes for PVDG(s) placement for scenarios 1 and 2 
Cases No of DG DG capacity (MVA)  Node 

Case 1 1 DG 1.5  4   

Case 2 2 DGs 1.5, 1  4 61 48 

Case 3 3 DGs 1.5, 1, 0.5  4 61 48 

 

Table 3.7: Optimal nodes for PVDG(s) placement for scenarios 3 and 4 
Cases No of DG DG capacity (MVA) Node 

Case 1 1 DG 2.25 6   

Case 2 2 DGs 2.25, 1.5 6 58  

Case 3 3 DGs 2.25, 1.5, 0.75 6 58 50 

Figures 3.21 to 3.23 show the PVDG unit placement results for the optimal node(s) in 

scenario 1. Cases 2 and 3 have the same network voltage profile, with a minimum value of 0.97 p.u. 

As shown in Figure 3.21, cases 2 and 3 have the best average voltage profile improvement from 

0.977 p.u. to 0.99 p.u. There are no changes in the results of cases 2 and 3 due to the distribution 

network's size, the network load distribution, and the proximity of the optimal nodes. Figure 3.22 

shows the probabilistic voltage and standard deviation for the base case network and PVDG case 3. 

The average probabilistic voltage was improved from 0.965 p.u. to 0.99 p.u. with a standard deviation 

of 0.019. The worst node probabilistic voltage was also improved from 0.941 p.u. to 0.975 p.u. The 

network risk index was reduced by 87.8%, while case 2 shows the best HC retainment of 6.85 MVA. 

The power loss for the base network case and the PVDG cases for branches 2, 4, and 8 are shown in 

Figure 3.23. The losses on the remaining five branches are negligible. Cases 2 and 3 show an overall 

power loss reduction of 29.6% and 37.5%, respectively. The average critical voltage was enhanced 
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from 0.81 p.u. to 0.96 p.u. The percentage loading of the highest loaded branch (branch 5) was 

reduced from 124.% to 82.9%.  

 

Figure 3.21: Network voltage profile for the considered cases 

 
Figure 3.22: Network probabilistic voltage and standard deviation 

 
Figure 3.23: Average probabilistic power loss for considered cases 

3.4.3 Comparison with existing techniques  

A comparative study of various methods in literature in the last five years for voltage profile 

enhancement and loss minimization for both IEEE 33 and 69 nodes distribution network for 1 PVDG 

and 3 PVDG units scenarios is presented in Table 3.8 and Table 3.9, respectively. The tables compare 

the DG location, DG size, power loss, and the minimum voltage magnitude obtained. All the existing 
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methods have improved the performance of the base networks in terms of power loss reduction and 

minimum voltage enhancement. However, the highest power loss reduction of 46.72% is obtained 

by the technique proposed in [99] for the IEEE 33 node distribution network, although the same 

technique shows the least minimum voltage improvement. The techniques in [93] present good 

improvements for power loss reduction and minimum voltage improvement with almost the same 

PVDG capacity as the other compared techniques. For the IEEE 69 node distribution network, the 

method in [203] presents the lowest power loss with the highest total DG capacity. The difference in 

power loss reduction and minimum voltage values despite having the same PVDG capacity is due to 

the PVDG voltage control or the power factor.  

The proposed technique in this paper shows the best minimum voltage improvement of 0.96 

p.u. and performs well for power loss reduction with least PVDG capacity. The performance of the 

existing and proposed method regarding minimum voltage is the same for three PVDG units 

scenarios except for [204], which gives a low value of minimum voltage. Although the proposed 

technique's total PVDG unit capacity is 0.5 MVA lower than the compared techniques, it has the 

highest power loss reduction of 78%.  

Table 3.8: Comparative results of optimal PVDG placement for IEEE 33 node network 
1 PVDG 

Reference DG 
location 

DG size 
(MVA) 

Power loss 
(kW) 

Minimum voltage  
(p.u.) 

[99] 30 1.94 98.11 0.938 

[93] 6 2.57 103.9 0.951 

[205] 6 2.59 111.02 0.952 

[204] 6 2.6 111.03 0.942 

[185] 6 2.6 107.4 0.952 

Proposed Method 26 1.5 102.5 0.96 

3 PVDGs 

[93] 14, 24, 30 
0.761, 1.094, 

1.068 71.4 0.968 

[177] 14, 24, 30 
0.755, 1.1, 

1.07 71.3 0.965 

[204] 6, 3, 28 
1.34, 0.79, 

0.82 99.8 0.93 

[206] 14, 24, 30 
0.75, 1.099, 

1.072 71.3 0.97 

Proposed Method 26, 9, 24 1.5, 1, 0.5 46.2 0.97 
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Table 3.9: Comparative results of optimal PVDG placement for IEEE 69 node network 
1 PVDG 

Reference 
DG 

location 
DG size (MVA) 

Power 

loss (kW) 

Minimum 

voltage (p.u.) 

[93] 61 1.87 83.2 0.96 

[207] 61 1.87 83.2 0.96 

[99] 30 1.54 125.1 0.92 

[203] 61 1.86 81.6 0.96 

Proposed 

Method 4 1.5 108.2 0.94 

3 PVDGs 

[206] 17, 61, 64 0.5, 1.2. 0.54 131 0.92 

[93] 11, 18, 61 0.57, 1.7, 0.37 70 0.97 

[207] 12, 21, 61 0.45, 0.32,1.78 70 0.97 

[203] 15, 61, 49 0.55, 1.77, 1.01 69.2 0.97 

Proposed 

Method 4, 61, 48 1.5, 1, 0.5 73 0.97 

 

3.5 CONCLUSIONS 

Optimal allocation of distributed generation (DG) units has become an important task in 

modern distribution network planning. This paper presented an optimal PVDG placement technique 

to facilitate the increased penetration of DG security into the distribution network using specific 

security indices. The proposed approach includes a decision tree classification model to minimize 

the branches' risk index (RI) and power loss (PL) under the DG capacity and hosting capacity (HC) 

constraints. From the identified nodes for three PVDG installations under the constant voltage control 

mode, the branch PL and RI were reduced by 35.8% and 92%, respectively, for the IEEE 33 node 

distribution network. Also, the average branches' critical voltage and HC were improved by 29.3% 

and 41%, respectively. For the IEEE 69 node distribution network, the branch PL and RI were 

reduced by 32.72% and 85.7% for three PVDG installations under constant voltage control mode. 

Also, the average branches' critical voltage was improved from 0.81 p.u. to 0.97 p.u. 

The results conclude that optimal multiple DG placement can effectively reduce the 

distribution network losses and the RI. Also, as shown in some cases and scenarios, high penetration 
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of PVDG may cause overvoltage near the nodes with DG units, especially under the Q-PF voltage 

control mode. The results show that the approach can determine the optimal node within a 

distribution network for DG placement under the specified security indices. Considering the 

capacities of the DG units, the proposed technique performs better than the compared techniques in 

terms of power loss reduction and voltage enhancement. The proposed method is effective for DG 

penetration planning for large distribution networks and the expansion of smaller networks. 

 



70 

4 Manuscript 3: Offline Security Prediction 

Preamble 

Another highlight of the review in Chapter 2 is the need for an effective security state 

prediction model for grids with a high penetration level of RES-DG. The time-changing reduced 

effective inertia caused by varying penetration level of RES-DG increases the grid's frequency 

change, leading to significant security risk considering potential contingencies in the grid. Prior 

knowledge of the system security state for proposed grid operating scenarios will assist grid operators 

in determining appropriate security control techniques for insecure states and possible increment in 

the penetration level of RES-DG for secure state predictions. Therefore, Chapter 4 presents a method 

for offline grid security state prediction. The chapter opens with a method for the critical clearing 

time prediction considering varying grid inertia and load. The effectiveness of security prediction 

models depends on the quality of the training dataset. The proposed method consists of a novel 

approach for comprehensive training dataset development considering both synchronous and non-

synchronous DG types, several penetration levels, faulted elements, and fault types as attributes. The 

approach continues by using a density-based clustering technique to identify patterns between the 

attributes, grid frequency, and voltage responses and determine the security state. The dataset 

instances with the security states are afterward applied to train a probabilistic classifier from which 

future security state predictions can be obtained. 
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Density-based clustering and probabilistic 
classification for integrated transmission-

distribution network security state prediction 
 

Ifedayo oladeji*, Peter Makolo, Ramon Zamora, and Tek-Tjing Lie 

Department of Electrical and Electronic Engineering, Auckland University of Technology 
– AUT, 55 Wellesley, Auckland, New Zealand 

 

Abstract: The proliferation of renewable energy sources (RESs) into the distribution network 

necessitates the need for the capability to predict the security state of the grid. This paper proposes a 

density-based clustering and probabilistic classification approach to predict the security state of the 

modern grid. Firstly, an approach to predict the critical clearing time using the changes in inertia 

constant and system load is proposed. Secondly, an algorithm for training dataset development from 

the transient stability responses of the grid considering different operation scenarios is proposed. An 

expectation-maximization (EM) algorithm using the density-based clustering technique was applied 

to the dataset to obtain clusters representing the network's security states. Finally, a predictive model 

was obtained from the labeled dataset using a Naïve-Bayes (NB) probabilistic classifier. The 

feasibility of this approach is demonstrated using the IEEE 14 bus system. Respectively, an APA and 

RMSE of 98% and 3.6% were obtained. Also, an MAE of less than 1% was obtained when the 

proposed model was tested with seven different datasets having a different number of instances. The 

results show that the proposed technique can predict the security of the integrated transmission-

distribution networks considering different DG types, penetration levels, and network disturbances 

with a high degree of accuracy.  

Keywords: Density-based clustering; probabilistic classification; security state; distributed 
generation; renewable energy. 
Nomenclature 
𝐸𝐸𝑞𝑞𝑞𝑞 Voltage behind the transient reactance (V).  
𝐸𝐸𝑞𝑞𝑞𝑞′  Terminal voltage (V). 
𝑋𝑋𝑒𝑒𝑒𝑒  Equivalent reactance (Ω). 
𝐻𝐻𝑒𝑒𝑒𝑒  Equivalent inertia (s). 
𝑌𝑌𝑖𝑖𝑖𝑖  Admittance between the buses (℧). 
𝐺𝐺𝑖𝑖𝑖𝑖 Bus conductance (G).  
𝛿𝛿 Machine rotor angle (rad). 
𝑃𝑃𝑚𝑚 Mechanical power (MW). 
𝑃𝑃𝑒𝑒 Electrical power (MW). 
𝐻𝐻𝑖𝑖  Inertia constant of i-th synchronous generator (s). 
𝑐𝑐 Security class. 
𝐿𝐿𝑓𝑓 Loss function. 
𝑅𝑅𝑓𝑓 Risk function. 
𝐷𝐷𝐷𝐷 DG type. 
𝑃𝑃𝑃𝑃 Penetration level (%). 
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𝐶𝐶𝐶𝐶 Contingency type. 
𝜔𝜔 Angular velocity (s−1). 
𝑘𝑘𝑝𝑝  Active power droop gain. 
𝑡𝑡𝑐𝑐𝑐𝑐 Clearing time (s). 
𝐷𝐷 Damping coefficient (N.m.s). . 
𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚𝑇𝑇  Maximum transient voltage (pu). 
∆𝑃𝑃 Acceleration power (MW). 
𝑊𝑊 Parameter of machine learning. 
𝑑𝑑 Unlabelled data sample. 
𝑁𝑁  Number of sample instances. 
𝑅𝑅𝑖𝑖 i-th adaptive neural FIS inference. 
𝑉𝑉𝑜𝑜  Initial voltage (pu). 
𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚𝑇𝑇  Maximum transient voltage (pu). 
𝑌𝑌𝑅𝑅  Equivalent network admittance matrix (℧). 
𝑢𝑢𝑠𝑠  Stator voltage (V). 
𝑢𝑢𝑟𝑟  Rotor voltage (V). 
𝜑𝜑  Flux linkage (Wb). 
𝑖𝑖 Current (A). 
𝜔𝜔𝑟𝑟𝑟𝑟𝑟𝑟   Speed of rotation (pu). 
𝜔𝜔𝑔𝑔  Electrical generator speed (pu). 
𝜔𝜔𝑛𝑛  Rated speed (pu). 
𝑡𝑡𝑚𝑚  Mechanical torque (N.m). 
𝑡𝑡𝑒𝑒 Electrical torque (N.m). 

*Corresponding Author: Tel.: +64225331241 
E-mail address: ifedayo.oladeji@aut.ac.nz 
 

4.1 Introduction 

The increase in the demand for electricity and the proliferation of renewable energy sources 

(RESs) into the distribution networks have increased the complexities in the planning and operation 

of the grid. The high penetration of distributed renewable energy sources may reduce the 

predictability and controllability of the grid due to its output intermittency and variability if no 

mitigating schemes are put in place. Also, the response of the grid with modern control systems to 

large and sudden disturbances may not be sufficient to keep the system in the normal and alert states 

due to the absence of inertia support from distributed renewable sources [125]. Most security 

prediction techniques have been focused on small changes in system load (dynamic stability) and 

implemented on grids with only synchronous generators. However, recent reports on grid blackouts 

point to failures of the distributed RESs [26, 208-210]. Hence, future security prediction techniques 

should prevent insecure conditions caused by renewable energy sources distributed by generators. 

The ability to prevent future system failures is possible through predictive models where the 

predictions are adaptively tracked using the true outcomes as a reference.  

The security of a power system is defined as its ability to remain in continuous operation 

within allowable boundaries in normal conditions (pre-fault) and after any disturbance (post-fault). 

Grid security is a grid's property that guarantees continuous operation in normal and transient 

mailto:ifedayo.oladeji@aut.ac.nz
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situations after any contingency. An increase in load demand, penetration of RES-DG units, and 

market-driven policy implementation often propel the grid operations towards their security 

limits[211]. Therefore, the assessment of modern grid security is more complicated than 

conventional grids. Grid security assessment techniques may be broadly categorized into 

deterministic and probabilistic approaches [13]. The deterministic approaches consider the 

operational limitations of grid elements after contingencies. The probabilistic evaluation methods 

consider the probability of the contingency scenarios and assess the grid's security to a tolerable level 

of confidence. The power flow and transient stability analyses are commonly used in deterministic 

security evaluation approaches [212].  

Deterministic security assessment approaches can be divided into two main categories: the 

analytical and machine learning-based approaches. Implementation of analytical approaches requires 

high-speed processing tools and computationally efficient software. Analytical methods which 

involve system modeling for several credible contingencies are common for security assessment. The 

analytical evaluation method consists of comprehensive mathematical models that are reliable and 

adaptable to large power systems. The time for implementation of analytical techniques is 

significantly large for large power grids due to the several iterative steps involved. Also, the 

computation burden of solving differential-algebraic equations (DAE) from the full-time-domain 

simulation is overwhelming due to too many scenarios to consider [213]. Several network reduction 

techniques have been proposed and implemented to reduce the security assessment time. However, 

the assumption and simplifications involved with network reduction techniques may compromise the 

results obtained, especially for transient stability responses. Another deficiency of time-domain 

simulation includes its unsuitability for real-time grid security assessment and inaccessibility of the 

degree of system security. The overwhelming computational burden on simulation tools coupled with 

the deficiencies of time-domain simulations may undermine the ability of system operators to achieve 

the desired speed and reliability needed for the emerging grid. Cloud access and distributed 

computing have mitigated the limitations of analytical methods' computation and speed 

requirements. However, machine learning approaches do not require time-domain simulations; they 

can be implemented on common computers. Other advantages of machine learning approaches 

include fast decision-making, identifying hidden patterns, high accuracy, flexibility, and 

generalization capabilities [214].  

Renewable energy sources distributed generation (DG) is characterized by varying and 

intermittent output, which might cause an imbalance between system generation and demand. 

Therefore, it is essential to emphasize that accurate and fast security prediction is required in grid 

operations with high penetration of RES-DG. Also, reliable models for security state prediction may 

best be developed by using real-life historical and real-time data with artificial intelligence (AI) tools 

[215]. Therefore, this paper proposes a machine learning-based grid security state prediction 

considering the increased penetration of RESs into the distribution networks.  
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4.1.1 Literature survey 

In recent decades, machine learning methods have been employed for security assessment. 

With machine learning, it is practicable to circumvent the rigor of time-domain simulations to assess 

the grid's security. Machine learning algorithms and approaches rely on offline data extracted from 

past events and system responses and simulations representing possible operating conditions and 

contingency scenarios [216]. The challenge, however, is the suitability of the training data to predict 

the security of the network when the operating state lies in between two instances considered in the 

dataset. Several machine learning algorithms have been applied to classify power system states. Few 

of the algorithms include support vector machine, extreme learning machine, random forest 

classification techniques, and regression trees, to mention a few [217]. A lot of literature considers 

machine learning methods effective in providing critical security information regarding modern 

power systems. For example, [14-16] approaches provide simple yet reliable and unique security 

evaluation dimensions.  

Artificial Neural Network (ANN) is a standard pattern recognition algorithm developed 

using specific neurons and weights to learn complex non-linear instances of input data [15, 18, 218]. 

In [219, 220], steady-state variables predicted frequency stability using the ANN approach. The 

application of ANN models extends beyond security prediction from learned data but can also 

provide a satisfactory result for the unlearned data. Extending ANN algorithms, an extreme learning 

machine (ELM) was also introduced to reduce learning time and training errors [221, 222].  Ref. 

[223] applied the extreme learning machine (ELM) and NN to predict the critical clearing time. In 

Refs. [20], static security assessment was carried out using the support vector machine and decision 

tree. Methods based on ELM, NN, and support vector machine (SVM) for dynamic security studies 

were presented in [16, 216]. Refs. [224, 225] applied the support vector machine-based classification 

algorithms for transient stability assessment and prediction. 

Although time-domain simulation is widely regarded as the best tool for assessing transient 

stability, it has two main drawbacks: high computational complexity and incapability of providing 

degrees of stability. Due to the drawbacks of traditional stability assessments based on time-domain 

computations when applied to real-time situations, stability, and security assessment focus has been 

shifted to fast security classification. The voltage stability index is commonly used to classify the 

security state of a network. In [200, 226], techniques for security state classification into the stable, 

alert/alarm, and unstable states were proposed. In [200], the alert state is classified into out-of-grid 

limit states and marginally stable states while extending the method with oscillatory stability margins 

to develop a classification model. The methods in the above-reviewed reference consist of offline 

time-domain dynamic stability simulation for dataset development; the networks model did not 

include renewable energy sources distributed generations which will certainly impact the result of 

the security state classifications. Also, since dynamic stability only responds to small disturbances 
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such as gradual changes in load, the methods may not be applicable to classify the stability state of 

the network under transient conditions. 

The decision tree-based security assessment model proposed in [17] was able to classify the 

security state into the secure, insecure, and uncertain regions under several contingencies. However, 

the result only shows the effects of load change, while the critical clearing times for the contingencies 

are not discussed. The approaches in the literature related to this paper and the review of techniques 

presented in [227] are direct classification techniques where the small datasets generated have been 

labeled. The applicability of these approaches to real power systems is highly doubtful, given that a 

large amount of data is required to develop a reliable classification model for security prediction. 

The direct security state classification approach is also liable to overfitting since the classes are 

already known. Therefore, the models may be unreliable. A similar approach for probabilistic 

machine learning-based security state prediction in [228] did not consider the impact of RES-DGs. 

The inclusion of RES-DGs will certainly impact the training dataset structure, choice of learning 

methods (batch or incremental), and learning algorithms due to constraints in the data type 

(attributes) representation. Also, only one grid steady-state or dynamic response variable has been 

applied as an attribute in the security prediction in the reviewed literature. 

Clustering analysis using density-based clustering techniques has been successfully applied 

in power system analysis, including stability clustering. In principle, density-based clustering seeks 

to discover high-density clusters in which low-density cluster areas may split within a dataset [229, 

230]. A DBSCAN technique was proposed in [231] to obtain clusters for the oscillatory modes of 

the grid. The technique involves frequency domain decomposition of the data obtained from PMUs 

for three days. The technique detected the grid operations in the normal and forced oscillation states. 

The determination of appropriate density-based clusters is an inherent problem that may be solved 

by carefully selecting and tuning the suitable clustering algorithm. The minor drawback of density-

based clustering is the need for dimensionality reduction of high-dimension data. The reviewed 

machine learning-based approaches for grid security assessment and classification are summarized 

in Table 4.1 to compare the analysis type, methodologies, and major drawbacks. The reviewed 

approaches employ some prior knowledge of the grid's operating state to classify the grid's security 

state. Most research focuses on the steady-state/static security assessment using grid nodes' voltage 

deviations and their derivatives for the security classification. Although the proposed algorithms are 

suitable for online security assessment and classification, the impact of renewable energy source 

distributed generation on the behaviors of the input features was not considered.  
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Table 4.1: Literature review summary 
Reference(s) Theme/ Focus 

Area 
 Input feature(s) Specific method Major drawback 

[217, 218] Grid security 
state assessment 

 

 Line performance 
index and voltage 
performance index 

Multiple machine 
learning algorithms 
[217].  

Enhanced Artificial 
neural network [218]. 

Tedious calculation of 
inputs 

[18, 216] Dynamic security 
assessment 

 

 Energy functions, 
Voltage magnitude 
and angle [216]. 
Time domain 
trajectories [18] 

Support vector 
machine [216]. 
Convolutional neural 
network [18]. 

Computational complexities 
of the kinetic and potential 
energy. Cumbersome due to 
need for time domain 
simulation. 

[200, 224, 
232, 233] 

Voltage security 
assessment 

 

 Voltage stability 
index 

Decision tree [200, 
232]. Kohonen ANN-
based clusterer [233].  

Ball vector machine 
[224]. 

Large dataset reliance, low 
accuracy [224, 232]. 
Insufficient input data. 
limited model performance 
information [233], Steady-
state operation centred [200] 

[15-17] Grid static 
security 
assessment. 

 Voltage magnitude, 
line flows, 
generations, and 
load 

Artificial neural 
network [15]. Extreme 
learning machine [16]. 
Decision tree [17]. 

Small instance of dataset 
[15]. Large dataset reliance, 
likelihood of overfitting [16, 
17],  

[220] Dynamic security 
assessment: 
Success rate, 
false alarm and 
missed alarm. 

 Power, voltage, 
wind penetration 
and spinning 
reserve 

Multiple machine 
learning algorithms 

Contingencies on generators 
only 

[19-21] Static security 
assessment: 
Secure, alarm or 
insecure 

 Composite security 
index 

Support vector 
machine [20]. Least 
absolute shrinkage and 
selection operator[19]. 
Decision tree [21]. 

Tedious calculation of the 
inputs 

 

4.1.2  Contributions and paper organization 

The above reviews conclude that the models obtained from these data-driven techniques are 

capable of learning and identifying potential security boundaries in offline deployment. However, 

seeing that the penetration of distributed renewable sources will impact the security boundaries and 

introduce some variabilities into the system, there is a need to include renewable energy sources in 

the simulations and develop probabilistic security prediction models accordingly. An advantage of 

the proposed technique in this paper lies in considering the impact of the penetration of renewable 

energy source distributed generation systems on the grid’s security. Another advantage of the 

proposed technique is the wide range of contingencies considered. 

In conclusion, this paper proposes a novel approach for probabilistic security state prediction 

considering increased DG penetration, credible contingencies, and DG types (synchronous and wind 

turbine) for the integrated transmission-distribution network. A clustering via classification approach 

is proposed to overcome the challenge of evaluating the generated clusters' performance. In 

summary, the major contributions of this paper include:  
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• Development of critical clearing time (CCT) prediction technique under varying inertia 

constant and load conditions. 

• Development of a novel algorithm for dataset development that considers the penetration 

levels of different types of DGs and contingencies on the elements in the network. 

• Demonstration of grid security state clustering and classification using density-based 

clustering and probabilistic classification algorithms. 

The rest of this paper is organized as follows. The network security state assessment, wind 

turbine modeling, and machine learning-based power system security problem formulation are 

presented in section 4.2. The proposed density-based clustering and probabilistic classification 

framework are presented in section 4.3. The IEEE 14 bus test network and its control elements are 

discussed in section 4.4. The results of implementing the proposed framework on the test network 

are presented and discussed in section 4.5. Finally, section 4.6 consists of conclusions from the results 

obtained. 

4.2 Network security modeling and problem formulation 

4.2.1 Network modeling and security assessment 

For the modern grid's planning, operation, and control, accurate representation of both 

steady-state and dynamic characteristics of network elements is crucial [234]. Detailed modeling of 

each element irrespective of the grid size in the network is important to obtain an accurate grid 

response under transient disturbances. Also, utilities and system operators' network elements and 

control devices should be explicitly represented during transient stability studies. Sometimes, 

reasonable assumptions and simplifications are needed for networks where grid element models and 

parameters are not accessible. Although the assumptions and simplifications made create some level 

of disparity and inaccuracy in the results published in the literature, the results are useful in 

understanding the behavior of the grid in real life. It was common to reduce large power systems for 

transient stability analysis due to the computational burden on simulation tools. Network reduction 

results in approximations which considerably impacts the final results. Although grid reduction is no 

longer necessary due to modern computers' increased computation capabilities, network partitioning 

remains applicable for transient security assessment of large networks. Network partitioning is 

functional in focusing the assessments on particular areas linked together within the grid. The 

partitioned network technique may be applied to single and multi-voltage level grids. The integrated 

transmission-distribution (T-D) network with penetrations of renewable and non-renewable energy 

sources DGs considered in this paper may be regarded as a multi-voltage level grid. Therefore, the 

goal is to assess the transient stability responses at the T-D interfaces across the links within the grid. 
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4.2.1.1  Security assessment 
Power system security generally refers to the ability of a power system to remain in a normal 

state after being subjected to a disturbance. According to [21], considering the impact of numerous 

possible contingencies on the system operations, the system is termed secure when the operation is 

normal, the system variable variations are within an acceptable range, and the contingencies 

optimization is possible. The system is considered insecure when a tradeoff between preventive and 

corrective control is necessary for one or two system variables outside the acceptable limit(s). Lastly, 

the system's state is considered asecure when every system variable is outside operational limits. 

Transient stability studies the response of the grid when subjected to large disturbances. 

These disturbances may include faults, as well as a sudden and large change in system load. The 

occurrence of a large disturbance always results in significant perturbation of the rotor angle of 

machines within the system [19]. Transient stability evaluates the system's ability to attain a stable 

post-fault condition by assessing the characteristics of the pre-fault and during fault states. The 

consequences of prolonged perturbation include loss of machine synchronism, leading to partial or 

total grid failure. Preventive and emergency controls must be put in place to avoid these 

consequences. Typically, disturbance initialization and loss of synchronism happen in fractions of a 

second, making transient stability problems critical for system operators. The swing equation 

obtained from a single machine infinite bus network model is used to analyze the transient stability 

of the synchronous generator in the grid as expressed by (1), where 𝐻𝐻 is the inertia constant of the 

generator, 𝛿𝛿 is the rotor angle, 𝑓𝑓 is the network operating frequency, 𝑃𝑃𝑚𝑚 and 𝑃𝑃𝑒𝑒 are the mechanical 

and electrical power of the generator, respectively. For a multimachine system, the equivalent inertia 

constant (𝐻𝐻𝑖𝑖) is expressed by (2), where 𝑆𝑆𝐺𝐺−𝑖𝑖 is the rated power of the i-th generator, 𝑆𝑆𝐵𝐵 is the base 

power in MVA, 𝐻𝐻𝑖𝑖 is the inertia constant of the i-th generator [235]. The two numerical attributes in 

the dataset are the maximum frequency and voltage deviations. The maximum frequency deviation 

(∆𝑓𝑓) of the network can be derived from (3) to (5) where 𝑡𝑡 is the time between the time of fault (𝑡𝑡𝑓𝑓) 

and the clearing time (𝑡𝑡𝑐𝑐𝑐𝑐) [236], while the maximum voltage deviation (∆𝑉𝑉𝑇𝑇) is obtained from (6) 

[237, 238], where ∆𝑃𝑃is the power imbalance, 𝑉𝑉𝑜𝑜 is the initial voltage and 𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚
𝑇𝑇  is the maximum 

voltage dip after transient disturbance where ω is the angular speed of the rotor . 

𝐻𝐻
𝜋𝜋𝜋𝜋

. 𝑑𝑑
2𝛿𝛿
𝑑𝑑𝑑𝑑2

= ∆𝑃𝑃  (on system base)                  (1) 

𝐻𝐻𝑒𝑒𝑒𝑒 = ∑𝑆𝑆𝐺𝐺−𝑖𝑖.𝐻𝐻𝑖𝑖
∑𝑆𝑆𝐵𝐵

                    (2) 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= Δω                           (3) 

𝑑𝑑Δω
𝑑𝑑𝑑𝑑

= 𝜋𝜋𝜋𝜋
𝐻𝐻𝑒𝑒𝑒𝑒

∆𝑃𝑃                                               (4) 
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∆𝑓𝑓 = ∆𝑃𝑃×𝑓𝑓
2𝐻𝐻𝑒𝑒𝑒𝑒

𝑡𝑡                        (5) 

∆𝑉𝑉𝑇𝑇 = 𝑉𝑉0 × 𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚
𝑇𝑇

100
                         (6) 

4.2.1.2 Wind turbine modelling for renewable energy source DG 

The type-3 wind turbine generators (WTGs) are currently the dominant technology for wind 

energy-based distributed generation systems. Type 3 WTG is also known as doubly-fed induction 

generators (DFIGs) or doubly-fed asynchronous generators. As shown in Figure 4.1, the DFIG is 

connected to the grid through a back-to-back inverter. The inverter excites the rotor of the induction 

machine with a variable AC source. This provides control of the rotor flux frequency, enabling the 

rotor shaft frequency to track wind speed optimally. The complete WTG model is divided into four 

functional blocks, as indicated in Figure 4.2. The converter control model is composed of separate 

active and reactive power control functions. Reactive power control is very fast, due to the power 

electronic converter. The dynamic behavior of a type-3 WTG, as seen from the grid, is therefore 

dominated by active and reactive power controller response rather than physical characteristics. The 

wind turbine rotor (along with the blades) and the electrical generator are modeled by their inertia 

parameters. The pitch control model is mainly formed by the addition of two PI controllers, usually 

depending on the WT rotor rotational speed and the active power reference provided by the active 

power control model. The proportional integrator (PI) is a standard controller for the wind turbine 

rotor system. The PI controller minimizes the error between a measured process variable and a 

desired reference value by calculating and outputting a control action that can adjust the process 

quickly. This process takes the form of a feedback loop control system as shown in Figure 4.3. The 

controller action is based on two measured quantities; output real power (primary) and rotor currents 

(secondary). The controller employs two loops; the outer loop is used to control the real power (p), 

while the inner loop is used to achieve rotor current control. The measured power signal is compared 

to the desired power, and the error drives a PI controller. The output of the PI controller is the 

reference rotor current. This reference current is compared with the measured rotor current, and the 

error is fed to another PI controller. The output of this PI controller is the rotor resistance value for 

achieving desired rotor current (and thus output power). Optimal speed overshoot magnitude can be 

achieved by tuning the proportional (Kpp, Kcp) and integral (Kcp, Kci) gains. 

The model equation for the wind turbine system can be derived from the equivalent circuit 

diagram of the doubly-fed induction generator (DFIG). If 𝑢𝑢 is the voltage, 𝜑𝜑 is the flux linkage, 𝑖𝑖 is 

the current, 𝜔𝜔𝑟𝑟𝑟𝑟𝑟𝑟 is the speed of rotation, 𝜔𝜔𝑔𝑔 is the electrical generator speed, 𝜔𝜔𝑛𝑛 is the rated speed, 

then the fifth-order model for the induction machine stator (𝑠𝑠) and rotor (𝑟𝑟) are derived in (7) and 

(8). The mechanical equation and the electrical torque of the induction machine can be modeled as 

(9) and (10), where 𝑡𝑡𝑚𝑚 and 𝑡𝑡𝑒𝑒 are the mechanical and electrical torques, respectively.  
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𝑢𝑢𝑠𝑠 = 𝑟𝑟𝑠𝑠𝑖𝑖𝑠𝑠 + 1
𝜔𝜔𝑛𝑛

𝑑𝑑𝜑𝜑𝑠𝑠
𝑑𝑑𝑑𝑑

+ 𝑗𝑗𝜑𝜑𝑠𝑠
𝜔𝜔𝑟𝑟𝑟𝑟𝑟𝑟

𝜔𝜔𝑛𝑛
                   (7) 

𝑢𝑢𝑟𝑟 = 𝑟𝑟𝑟𝑟𝑖𝑖𝑟𝑟 + 1
𝜔𝜔𝑛𝑛

𝑑𝑑𝜑𝜑𝑟𝑟
𝑑𝑑𝑑𝑑

+ 𝑗𝑗𝜑𝜑𝑟𝑟
𝜔𝜔𝑟𝑟𝑟𝑟𝑟𝑟−𝜔𝜔𝑔𝑔

𝜔𝜔𝑛𝑛
                    (8) 

𝐽𝐽 𝑑𝑑𝑑𝑑𝑔𝑔

𝑑𝑑𝑑𝑑
= 𝑡𝑡𝑚𝑚 + 𝑡𝑡𝑒𝑒                             (9) 

𝑡𝑡𝑒𝑒 = 𝐼𝐼𝑚𝑚(𝜑𝜑𝑠𝑠 + 𝑖𝑖𝑠𝑠)                         (10) 

 

Figure 4.1: Type 3 wind turbine generator 

 
Figure 4.2: Dynamic model connection of Type-3 WTG 

 
Figure 4.3: Controller for wind turbine rotor current and active power 

4.2.2 Machine learning for power system security problem formulation  

Emerging grid operation demands the prediction of the security state in the least time frame 

with the highest possible accuracy level. To overcome the speed, information, and real-time 

assessment capability limitations of conventional assessment methods, machine learning techniques 
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have been used recently for security prediction. Machine learning algorithms effectively handle large 

data consisting of different data types obtained from system security simulations and real-life 

operations. Machine learning (ML) models can be developed through batch (offline) and incremental 

(online) learning algorithms depending on dataset volume, preferences, and application. Generally, 

machine learning algorithms are grouped into supervised (classification), unsupervised (clustering), 

and reinforcement learning algorithms [239] as shown in Figure 4.4. 

 
Figure 4.4: Machine learning classification and algorithms 

In semi-supervised learning, a model is developed from a part labeled and unlabelled dataset. 

The model training begins with labeled data, after which the final model can identify patterns from 

the unlabelled data from the same dataset. After dataset generation, the major steps involved in ML 

model development are data preparation, model training, model testing, and lasting improvement. In 

the data preparation step, the data is cleaned from associated noise; also attributes are filtered to 

obtain the best results. If the performance of the trained model is satisfactory after testing, then the 

model is validated and deployed. Otherwise, the model will be improved by refining the data, 

reconsidering the choice of algorithm, and adjusting key algorithm parameters. The training datasets 

should include all possible scenarios extracted from security simulations for reliable network security 

state predictions. This paper adopts an offline learning model since the developed dataset can be 

processed in a single data batch. Also, the data is time-invariant, and its distribution does not drift 

over time. 

Machine learning methods provide statistical tools to explore historical data and predict 

outcomes using live data. Unsupervised learning provides an option for pattern recognition with an 

unlabelled dataset and limited training sample size. The attributes considered in this paper are the 

post fault frequency and voltage deviations. The goal is to model a quasi-class 𝑐𝑐, which represents 

the security state of the network based on an identified pattern in the dataset. If 𝑢𝑢 is the dataset and 

𝑞𝑞 is the center point of 𝑢𝑢, then 𝑐𝑐𝑖𝑖 can be obtained for an instance 𝑢𝑢𝑖𝑖 using (11), where 𝜌𝜌(𝑢𝑢𝑖𝑖) is the 

properties of 𝑢𝑢𝑖𝑖 obtained through the learning model. Equation (11) is also used to minimize the 

intraclass variance of the derived quasi-classes 𝑐𝑐. The major optimization problem is given in (12), 
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where 𝑑𝑑 is the unlabelled data sample, 𝑛𝑛 is the number of sample instances obtained through 

simulations, 𝑊𝑊 is the parameters of the machine learning model, and ƞ is a positive constant [214, 

240]. The unsupervised learning process is achieved through the iterative process of (11) and (12). 

Alternating the center point 𝑞𝑞 and increasing the distance between the alternated points enhances the 

quasi-class differentiation, which in turn improves the performance of the unsupervised learning 

models. 

𝑐𝑐𝑖𝑖 = min
𝑖𝑖∈(1,2,..,𝑃𝑃)

‖𝑞𝑞𝑖𝑖 − 𝜌𝜌(𝑢𝑢𝑖𝑖)‖  𝑖𝑖 = 1, 2, . . ,𝑛𝑛                   (11) 

𝐴𝐴 = max
𝑊𝑊,𝑞𝑞𝑖𝑖

𝐹𝐹(𝑊𝑊|𝑑𝑑, 𝑐𝑐𝑖𝑖)         𝑑𝑑 = {𝑢𝑢1,𝑢𝑢2, …𝑢𝑢𝑛𝑛}                  (12) 

s.t. ƞ𝑔𝑔(𝑊𝑊) ≥ 0   

Supervised learning applications are prevalent in machine learning tasks since many real-

life data are labeled. After the security state under certain conditions has been derived in the previous 

section through clustering, a model to predict the state of the grid for future conditions is therefore 

needed. Supervised learning aims to train a model that predicts the outcome of future events with a 

high degree of accuracy from an outcome measurement, which is available for each attribute 

occurrence [241].  A supervised machine learning problem may be developed as an optimization 

problem to minimize the loss function 𝐿𝐿𝑓𝑓 of the dataset 𝑢𝑢 as shown in (13) [242], where ∅ is the 

training parameter. The loss function evaluates the relationship metric using a distance function 

between the predicted output and actual outputs. To further improve the performance of supervised 

machine learning models, another optimization problem to minimize the risk 𝑅𝑅𝑓𝑓 based on the loss 

function is introduced as shown in (14), where 𝑝𝑝(𝑢𝑢, 𝑐𝑐) is the probability of the observing data point 

(u, c) which is always unknown. However, since the data points (𝑢𝑢𝑛𝑛, 𝑐𝑐𝑛𝑛) are obtained from the 

dataset, a predictive function (𝐹𝐹𝑝𝑝) which reduces the empirical risks between two points can be 

obtained from (15) [243, 244], where 𝑁𝑁 is the number of training samples. 
 
 𝐿𝐿𝑓𝑓 =  𝐿𝐿(𝑐𝑐𝑖𝑖, 𝑓𝑓(𝑢𝑢𝑖𝑖,∅)                 (13) 

𝑅𝑅𝑓𝑓|𝐿𝐿(𝑓𝑓(𝑢𝑢), 𝑐𝑐)| = ∬𝑝𝑝(𝑢𝑢, 𝑐𝑐)𝐿𝐿(𝑓𝑓(𝑢𝑢), 𝑐𝑐)𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑                   (14) 

 𝐹𝐹𝑝𝑝 = 𝑚𝑚𝑚𝑚𝑚𝑚
∅

1
𝑁𝑁
∑ 𝐿𝐿(𝑐𝑐𝑖𝑖 , 𝑓𝑓(𝑢𝑢𝑖𝑖, ∅))𝑁𝑁
𝑖𝑖=1                                (15) 

4.2.3 Data clustering 

Clustering is an unsupervised learning technique that groups similar data points into clusters 

within the dataset. Clustering is an essential and very useful technique used in data mining for pattern 

recognition based on characteristics. It involves an iterative process that divides clusters into sub-

clusters. Clustering plays a vital role in text mining, web data analysis, spatial database application, 
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marketing, medical diagnostics, etc. The three most common clustering methods are density-based, 

hierarchical, and partitioning methods [245]. 

In density-based clustering methods, objects with similar densities are identified and 

grouped. The objective of this method is to partition a data set into regions based on its data point 

densities. The low-density data points as separated into one cluster, and high-density data points are 

also divided into another cluster in a region. The expectation-maximization (EM) algorithm is one 

of the high-performing density-based clustering algorithms [246]. 

Hierarchical clustering methods focus on the distance between data objects, where data 

objects nearer to each other are grouped to form a cluster. Data point connectivity technique is used 

to implement the hierarchical clustering methods where clusters in the form of a tree known as a 

dendrogram containing a root node, which has a sub-node, and the leaf node is established [247]. 

The hierarchical clusterer (HC) is a common algorithm for implementing the hierarchical method in 

top-down or bottom-up approaches. 

In partitioning-based methods, a cluster is formed such that an object in the cluster is closer 

to its center than to the center of any other cluster. The center of a cluster is commonly referred to as 

the centroid. Partitioning-based methods aim to minimize the distance between data points and 

centroids by iteratively relocating data points between clusters until a local optimal partition is found. 

Because the number of data points in any dataset can be finite, the desired number of clusters may 

be specified at the start of the clustering algorithm [248]. In recent research, k-Mean (KM) and 

canopy clustering (CC) algorithms are among the commonly used partitioning-based clustering 

algorithms. The hierarchical and partitioning-based clustering methods can be referred to as non-

density-based clustering methods. Table 4.2 show the comparisons between the density-based 

clustering methods and the other cluster methods (non-density based) using common criterion as 

obtained from [249]. Density-based clustering algorithms are better in general performance and 

require very little time to train, build, and deploy developed models. They are also simpler in 

complexity and preferred for datasets with non-correlated attributes. 

 
Table 4.2: comparison between density-based clustering and non-density-based clustering 

Categories Density-based 
Clustering 

Non-density-based clustering 

Performance Better (preferred) Good 
Time requirement Insignificant Significant (due to several iterations 

required) 
Complexity level Simple Complex 
Computational 

efficiency 
Slow Fast 

General accuracy High High 
Non-linear dataset Preferred Less preferred 
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4.2.4 Data classification 

Classification is a method of predicting a target or class from categorical and/or non-

categorical data. It is a useful machine learning technique for any type of statistical data and non-

statistical data. Classification algorithms have found application in various power system schemes, 

including but not limited to renewable energy source generation prediction, voltage stability 

prediction, frequency stability classification, and dynamic stability classification [183].  The goal of 

classification is to generate a satisfactory and robust model that predicts the class label of a dataset 

from a given set of predictor features using an appropriate classification algorithm known as the 

classifier. The choice of the specific classifier is critical and depends on several factors, including 

the type of data, the size of data, time requirement, accuracy requirement, etc. Several classifier 

evaluation techniques, such as cross-validation, data splitting, and leave-one-out validation, can be 

used to perform preliminary testing of classifier performance. 

Figure 4.5 shows the different groups of classification algorithms with examples considered 

in the paper. The tree classifiers are developed from sets of independent instances using the "divide-

and-conquer" approach to the machine learning problems. The tree classifiers consist of nodes that 

are further reduced into leaf nodes based on the specific criteria. Rule classifiers, like tree classifiers, 

are algorithms with lines of conditions for tests. The precondition rules are a series of tests performed 

at the nodes, and the class of a dataset instance is determined by the inferences derived from 

such preconditions. A set of classification rules can be derived directly from a tree structure, with 

one rule generated from each leaf node [250]. Meta-learning is concerned with identifying patterns 

in a dataset and understanding their impacts on the algorithm's characteristics. The meta-learning 

method often involves combining several predictions from various predictive models from a single 

dataset to maximize accuracy [251]. A major drawback of meta-learning is the limitation in the 

amount of information that can be captured. The meta-learning algorithm can only detect patterns 

between two attributes or one attribute and the target [252]. Function classifiers are groups of 

machine learning algorithms that be explicitly and naturally mathematically modeled. Common 

function classifiers are simple linear regression, minimal sequential optimization (SMO), simple 

logistic, and the Gaussian process. The simple function classifier can only generate a predictive 

model from a single attribute data. Apart from being limited by the number of attributes, missing 

data and non-numeric features are not allowed in function classifiers [253].  

The Bayes classifiers are probabilistic classifiers that attribute conditional density 

estimations to the multi-dimensional dataset. The Naïve-Baiyes algorithm, a common Bayes 

classifier, is easy to implement and performs well with both large and small training datasets. It is 

also ideal for numeric and nominal features as well as binary and non-binary class classification 

problems. Another major advantage of the Naïve-Bayes classifier is the short computational time 

[254]. The attributes considered for the grid's security prediction in this paper are probabilistic. 

Ttherefore, a probabilistic classifier is more suitable to obtain the required predictive model. The 
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comparison of the performance of the proposed probabilistic classifier (Naïve-Bayes) with the other 

classifiers (SMO, simple logistics, bagging, decision tree and logistic model tree) is shown in the 

results section 5.1. The detailed discussion on the development and implementation of the Naïve-

Bayes classifier is presented in section 3.3. 

 
Figure 4.5: Classification algorithms techniques 

4.3 Methodology 

This section discusses the proposed network security state clustering, classification, and 

prediction technique. The goal is to predict the state of the grid under any disturbance, as shown in 

Figure 4.6. The proposed technique considers power generation from both the bulk and distributed 

generations as well as the maximum power transferrable by the grid and represented by 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚. The 

bulk generation is obtained from the transmission network synchronous generators represented by 

𝑃𝑃𝑔𝑔−𝑠𝑠𝑠𝑠𝑠𝑠, while the power generation from the renewable energy source (𝑃𝑃𝑔𝑔−𝑟𝑟𝑟𝑟𝑟𝑟) and non-renewable 

energy sources 𝑃𝑃𝑔𝑔−𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 are considered for the distribution network power generation. The grid model 

is simplified and represented by a first-order transfer function with only the inertia (𝐻𝐻) and damping 

(𝐷𝐷) elements. The set of disturbances from which the frequency and voltage responses are obtained 

in this paper is represented by 𝑆𝑆. The elements of 𝑆𝑆 include a sudden change in load and three-phase 

short circuit for several nodes within the grid as well as a fault in the transformers. The voltage and 

frequency responses of the grid to several disturbances are used to classify the security state of the 

grid. The grid is secured if all post fault system variables exist within the security limit, and the 

equality and inequality constraints are met under the N and N-1 security assessments. The state of 

the grid under only the N security assessment is insecure when at most two of the post fault system 

variables exist outside the limits, and both equality and inequality constraints are satisfied, and 

asecure when only the inequality constraints are satisfied and all the system variables outside the 

security limits. The frequency and voltage responses are obtained from transient stability assessments 

under several impulses, where 𝑡𝑡𝑓𝑓 and 𝑡𝑡𝑐𝑐 are the fault initiation time and clearing times, respectively. 
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A real-time feedback system is expected to aid corrective measures in the grid as a precautionary 

measure in case of insecure state prediction or failure in the prediction outcome. In case of insecure 

state prediction or failure in the prediction outcome, the feedback security control system is expected 

to activate the necessary corrective measures in the grid. The corrective measures applicable in this 

research are the intelligent load shedding scheme and the RES-DG penetration level reduction.  

 

 
Figure 4.6: Grid security state classifier 

The methodology proposed in this paper is divided into two major stages. The first stage 

involves dataset development using the determined impulses and grid responses. The attributes are 

prepared for training to develop the required security prediction model in this stage. The critical 

clearing time was predicted using the described process in section 3.1. Key attributes with a high 

correlation to the security of the network were extracted from possible operation scenarios of DG 

types, penetration level, and contingencies. The attributes are the maximum post-fault voltage and 

frequency deviations. These attributes are obtained from transient stability responses of the networks 

to different disturbances. The second stage involves identifying and training a suitable machine 

learning algorithm using the dataset with instances extracted using the proposed algorithm. Given 

the stochastic characteristics of RESs and potential contingencies occurrence within the network, 

probabilistic machine learning algorithms are proposed for the security state classification and 

prediction. The expectation-maximization (EM) and Naïve-Bayes (NB) algorithms are selected for 

the density-based clustering and classification, respectively, due to their capabilities in handling 

numerical and nominal attributes.  

4.3.1 Critical clearing time prediction 

When a fault occurs on any of the transmission lines in the grid, the equivalent reactance 

𝑋𝑋𝑒𝑒𝑞𝑞,0 increases, and the corresponding power transfer 𝑃𝑃𝑒𝑒 decreases.  Considering a multimachine 

system, if DT is the DG type, PL is the penetration level, and CT is the contingency type, then the 

power transfers 𝑃𝑃𝑛𝑛, 𝑚𝑚𝑚𝑚𝑚𝑚 and the initial stable rotor angle 𝛿𝛿0 is represented in (16) to (18), where 𝐴𝐴 is 

the ratio of the mechanical power 𝑃𝑃𝑚𝑚 to 𝑃𝑃𝑛𝑛,𝑚𝑚𝑚𝑚𝑚𝑚, and 𝛿𝛿0𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum rotor angle, where 𝑛𝑛 =

0, 1 and 2 representing the pre-fault, during-fault, and post-fault conditions, respectively. Figure 4.7 

shows the 𝑃𝑃𝑒𝑒 − 𝛿𝛿 plots for a single machine infinite bus system (SMIB) model showing the 𝑃𝑃𝑒𝑒 for 

the pre-fault, during faults, and post-fault conditions for a three-phase fault away from the sending 
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end. After the fault is cleared, 𝑋𝑋𝑒𝑒𝑒𝑒2 for the grid is established with value depending on the 

characteristics of the other transmission lines and the configuration of the grid. Usually, after fault 

clearing, the value of 𝑋𝑋𝑒𝑒𝑒𝑒2 is larger than 𝑋𝑋𝑒𝑒𝑒𝑒,0  but smaller than the 𝑋𝑋𝑒𝑒𝑒𝑒,1 of the grid during fault 

condition. Consequently, 𝑃𝑃𝑒𝑒,2 is lesser than 𝑃𝑃𝑒𝑒,1. If the grid’s stability is to be maintained after the 

occurrence of a fault on any transmission line, then the 𝑃𝑃𝑒𝑒,2 must be greater than 𝑃𝑃𝑚𝑚. For a stable grid 

before a fault, the rate of change of the rotor’s angle 𝑑𝑑𝑑𝑑/𝑑𝑑𝑑𝑑 is zero, therefore, the equilibrium point 

is 𝛿𝛿0. The change in the rotor angle in the time domain is given by (19), where 𝑘𝑘𝑝𝑝 is the active droop 

gain. At the occurrence of a fault at time 𝑡𝑡𝑓𝑓, 𝑃𝑃𝑚𝑚 exceeds the 𝑃𝑃𝑒𝑒,1 as shown in Figure 4.7. 

Consequently, the rate of change of the rotor angle 𝑑𝑑𝑑𝑑/𝑑𝑑𝑑𝑑 is greater than zero, thereby resulting in 

gradual angular accelerating speed from 𝛿𝛿0 until the fault is cleared. At the clearing of the fault at 

critical clearing time 𝑡𝑡𝑐𝑐𝑐𝑐 corresponding to the critical rotor angle 𝛿𝛿𝑐𝑐𝑐𝑐, the 𝑃𝑃𝑚𝑚 is again less than 𝑃𝑃𝑒𝑒,2, 

thereby generating a gradual angular decelerating speed until it gets to the maximum rotor angle 

𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚. The decelerating speed will cause the rotor to oscillate periodically until a new rotor angle is 

achieved. If the fault is cleared in time 𝛿𝛿𝑐𝑐𝑐𝑐, the maximum rotor angle 𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚 will be less than the new 

decelerating rotor angle, hence the grid is considered transiently stable.  When the time to clear the 

fault is longer, the decelerating rotor angle increases beyond 𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚. Hence the grid is considered 

transiently unstable. The critical clearing time 𝑡𝑡𝑐𝑐𝑐𝑐 corresponds to the time the rotor angle reaches the 

critical angle 𝛿𝛿𝑐𝑐𝑐𝑐 during a fault. Equation 20 for evaluating 𝛿𝛿𝑐𝑐𝑐𝑐 is derived from the equal area criterion 

from the shaded areas A and B in Figure 4.7. The clearing time which represents the maximum fault 

duration that guarantees the security of the system derived by integrating (20), is given by (21).  

𝑃𝑃n,𝑚𝑚𝑚𝑚𝑚𝑚(𝐷𝐷𝐷𝐷,𝑃𝑃𝑃𝑃,𝐶𝐶𝐶𝐶) = 𝐸𝐸𝑞𝑞𝑞𝑞𝐸𝐸′𝑞𝑞𝑞𝑞
𝑋𝑋𝑒𝑒𝑒𝑒.𝑛𝑛

                    (16) 

𝛿𝛿0(𝐷𝐷𝐷𝐷,𝑃𝑃𝑃𝑃,𝐶𝐶𝐶𝐶) = sin−1 𝐴𝐴0                    (17) 

𝛿𝛿0𝑚𝑚𝑚𝑚𝑚𝑚 = 𝜋𝜋 − sin−1 𝐴𝐴0                 (18) 

𝛿𝛿(𝑡𝑡) = 𝑘𝑘𝑝𝑝𝜔𝜔0𝑃𝑃𝑚𝑚(𝑡𝑡) + 𝛿𝛿0                          (19) 

𝛿𝛿𝑐𝑐𝑐𝑐 = cos−1 �𝑃𝑃𝑚𝑚(𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚−𝛿𝛿0)−𝑃𝑃1𝑐𝑐𝑐𝑐𝑐𝑐𝛿𝛿0+𝑃𝑃2𝑐𝑐𝑐𝑐𝑐𝑐𝛿𝛿𝑚𝑚𝑚𝑚𝑚𝑚
𝑃𝑃2−𝑃𝑃1

�              (20) 

𝑡𝑡𝑐𝑐𝑐𝑐 = �2𝐻𝐻𝑒𝑒𝑒𝑒(𝛿𝛿𝑐𝑐𝑐𝑐−𝛿𝛿0)
𝜋𝜋𝜋𝜋𝜋𝜋𝑚𝑚

                 (21) 
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Figure 4.7: Power-angle plot under 3 phase fault 

In this paper, the critical clearing time for each considered scenario for the considered multi-

machine test system is obtained using the time domain simulation technique. The techniques involve 

increasing the fault clearing time for the most severe type of fault until one of the synchronous 

generators in the system is about to go out of step. Further increase in the clearing time will take the 

generator out of synchronism then the network is regarded as transiently unstable. In a multi-machine 

system, different critical clearing times are obtained for each synchronous generator in the system. 

The least critical clearing time is assumed to be the critical clearing time for the entire system.  

For a specific transmission capacity, the critical clearing time is affected by several factors, 

including the equivalent grid inertia, generators' parameters, fault type, fault location, network 

transfer capability, network loading, and generators distribution within the grid. The variability of 

the output power from the renewable energy source DG leads to a change in the equivalent inertia of 

the grid.  Likewise, the load level of the grid varies throughout the day and seasons. Therefore, this 

paper proposes time-varying grid features: the equivalent inertia constant and the system loading for 

the critical clearing time prediction. The proposed model for the critical clearing time (𝑡𝑡𝑐𝑐𝑐𝑐) prediction 

for each observation of 𝐷𝐷𝐷𝐷 - 𝑃𝑃𝑃𝑃 in this paper is given in the following steps and represented in the 

flowchart in Figure 4.8, where 𝜀𝜀 is the error tolerance: 

1. Model the integrated network for transient stability assessment. 

2. Track the change in clearing time with the inertia constant change and large load change. In 

this paper, the magnitudes of load changes considered are estimated from the three-phase short 

circuit fault currents at the nodes and applied through a step increase on the loads. 

3. Develop an input-output model to predict the changing clearing time. This paper adopts an 

adaptive neuro-fuzzy inference system (ANFIS) due to its suitability for real-time applications, 

as shown in Figure 4.9. If 𝑅𝑅 represents the rules developed from step 2, the ANFIS inference 

for 𝑅𝑅𝑖𝑖 is given in (22), where 𝑥𝑥𝑖𝑖 corresponds to the variables been tracked, 𝑏𝑏 is a constant and 

𝑃𝑃 is the total number of variables. The clearing time 𝑦𝑦 from the inference process is estimated 

by (23) where 𝛼𝛼𝑖𝑖 is the firing strength of the rule 𝑅𝑅𝑖𝑖. 
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𝑅𝑅𝑖𝑖 = 𝑞𝑞𝑖𝑖0 + 𝑞𝑞𝑖𝑖1𝑥𝑥1+. . +𝑞𝑞𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖 + 𝑏𝑏 for 𝑖𝑖 = 1, 2, … ,𝑃𝑃                 (22) 

𝑦𝑦 = ∑ 𝛼𝛼𝑖𝑖(𝑞𝑞𝑖𝑖0+𝑞𝑞𝑖𝑖1𝑥𝑥1+⋯+𝑞𝑞𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖)𝑃𝑃
𝑖𝑖=1

∑ 𝛼𝛼𝑖𝑖𝑃𝑃
𝑖𝑖=1

                (23) 

 
Figure 4.8: ANFIS-based critical clearing time prediction flowchart 

 
Figure 4.9: ANFIS-based varying clearing time prediction 

4.3.2 Training dataset from transient stability assessment 

Figure 4.10 shows the flowchart for the proposed continuous transient stability assessment 

algorithm to obtain the training attributes for the predictive model development where 𝑀𝑀,𝑁𝑁, and 𝐿𝐿 

are the total numbers of contingency, penetration levels, and DG types, respectively. The proposed 
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algorithm for the continual transient stability assessment in this paper is terminated when the 

responses of the grid to all seven contingency types (CT) considered for the five different penetration 

levels (PL) under the two DG types (DT) have been obtained. Table 4.3 describes the DG type (DT) 

and penetration levels (PL), while the considered elements and contingency types (CT) are shown in 

Table 4.4, where 𝑀𝑀,𝑁𝑁, and 𝐿𝐿 are 7, 5, and 2, respectively. The performance of the machine learning-

based model depends intrinsically on the training dataset size.  A common way to assess the 

sufficiency of a training dataset is to apply the ten times rule. The rule implied that the number of 

dataset instances should be at least ten times the number of attributes.  Although the impact of training 

dataset size cannot be ignored, the results of applying the proposed CCT prediction model in this 

research to other networks will differ due to differences in architecture and elements. The size of the 

training dataset for the machine learning-based security state prediction in this research can be 

increased by reducing the step increments of DG penetration level, considering more elements, and 

including contingency types in the transient stability simulations. 

 

Figure 4.10: Continuous transient stability assessment for dataset development 
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Table 4.3: DG types and penetration levels 
 

 

 

 

 

 
Table 4.4: Elements and contingency types 

Faulted element Contingency Code (CT) 

Transmission node 
Distribution node 
Transformer 
Transmission line 
Distribution line 
Transmission load  
Distribution load 

Three-phase short circuit 
Three-phase short circuit 
Tap changer fault 
Three-phase short circuit 
Three-phase short circuit 
Sudden load increase  
Sudden load increase  

1 
2 
3 
4 
5 
6 
7 

 

4.3.3 Density-based clustering and probabilistic classification 

Clustering is the task of identifying a set of groups of related entities within a data set while 

keeping dissimilar entities segregated into other groups or the noise group. Clustering is considered 

an unsupervised machine learning task. The goal is to discover meaningful categories given a set of 

instances from a specific data set and a dissimilarity function. The dataset is typically a set of multi-

dimensional real-valued points, which is considered a sample from an unknown probability density. 

The dissimilarity functions can be estimated using the Euclidean distance model or any statistical 

distance model. Density-based clustering is a form of machine learning clustering approach for 

extracting previously unknown patterns from data sets. The density-based clustering technique has 

been useful in identifying non-linear-shaped structures based on density.  The advantages of density-

based clustering include identifying noisy data and clusters of any distribution. Also, with density-

based clustering, it is not necessary to specify the number of clusters in a-priori. Using the technique 

in this paper, the clusters will represent the security states (class) of the network, namely secure and 

insecure states based on the post contingencies values of the frequency and voltage for individual 

power system standards. 

Expectation maximization (EM) is a density-based algorithm for estimating the maximum 

likelihood of an outcome using a series of cluster conditions for a dataset having an incomplete data 

problem (security state in this case). The major steps involved in the application of this algorithm in 

the clustering model development in this paper are the expectation (E-step) and maximization (M-
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step) functions. In the E-step function, class probabilities are attached to the unlabelled security 

dataset. In the M-step function, a new classifier is trained using the probabilistic labels for all the 

data obtained from the E-step. The EM algorithm is guaranteed to obtain model parameters that have 

equal or greater likelihood at each iteration until convergence [247, 255]. Figure 4.11 presents the 

flowchart of the proposed approach where the major functions within the EM algorithm are 

highlighted. 

Let 𝑢𝑢𝑖𝑖 be a random vector in the desired secured training dataset u, with a probability density 

function g(u:ŵ), where ŵ = (ŵ1, … . ,ŵ𝑑𝑑)𝑇𝑇 is a vector of unknown parameters with parameter space 

ɷ. Also, assuming a complete dataset, if 𝑑𝑑𝑐𝑐(𝑢𝑢:ŵ) represent the probability density function of the 

random 𝑢𝑢 that corresponds to the vector 𝑢𝑢𝑖𝑖, then the log-likelihood function for ŵ considering u is 

given by (24). Since the algorithm applies an indirect iterative approach, to proceed with the fuzzy 

data nature, a conditional expectation step (E-step) of c considering ŵ is introduced. The missing 

data (required forecast point) is estimated given the observed data and current estimate of the model 

parameter in the E-step. If ŵ0 is an initial value of ŵ, then for the first iteration, the E-step is 

estimated as (25). 

log𝐿𝐿(ŵ) = log𝑑𝑑𝑐𝑐(𝑢𝑢:ŵ)                          (24) 

𝑄𝑄(ŵ:ŵ0) = 𝐸𝐸ŵ0⟨log𝐿𝐿(ŵ) |𝑐𝑐⟩                     (25) 
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Figure 4.11: Flowchart for the security state prediction 

In the M-step, the likelihood function is maximized under the assumption that the missing 

data is known. The M-step is formulated as (26). The likelihood increases after every iteration based 

on the likelihood function given in convergence criteria in (27), where 𝜀𝜀 is a specified constant. In 

this paper, probabilistic classification is proposed to classify and predict the network's future security 

states. The probabilistic approach is expected to accommodate the network's uncertainties and 

inconsistencies, which will impact the future data and consequences security states. The Naïve Bayes 

(NB) algorithm, which is a generative probabilistic classification model, is proposed. The NB 

classifier is a simple yet effective probabilistic classifier that predicts the outcome from some given 

data attributes. It requires a small amount of training data to estimate the parameters needed for 

classification. From the training dataset 𝑢𝑢 of k classified classes, the unconditional probability 𝑃𝑃(𝑧𝑧|𝑐𝑐) 

for a new attribute 𝑢𝑢𝑖𝑖∗ = [𝑢𝑢1∗ , … ., 𝑢𝑢𝑛𝑛∗ ]  associated with the class 𝑐𝑐 can be predicted using (26) where 

𝑢𝑢𝑖𝑖∗ is the value of the attribute 𝑢𝑢𝑖𝑖∗ and 𝑧𝑧 ∈ [1, … .𝑑𝑑] is a value of class variable Z. Given that 𝑃𝑃(𝑍𝑍) 

which is the ratio of the number of instances to the total number of training samples is constant for 

all classes, then, only the numerator 𝑃𝑃(𝑢𝑢|𝑧𝑧) needs to be maximized. Consequently, the conditional 

properties are independent, as shown in (29) [256]. Therefore, the final class chosen by the NB 

classifier is given by (30). 
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ŵ0 = 𝑎𝑎𝑎𝑎𝑎𝑎max
ŵ

𝐸𝐸 (𝑤𝑤|𝐿𝐿ŵ0)𝐿𝐿𝐿𝐿𝐿𝐿⟨log𝐿𝐿(ŵ) |𝑐𝑐⟩                       (26) 

|𝐿𝐿(ŵ𝑛𝑛+1)−𝐿𝐿(ŵ𝑛𝑛)|
|𝐿𝐿(ŵ𝑛𝑛)| < 𝜉𝜉                     (27) 

𝑃𝑃(𝑧𝑧|𝑢𝑢) = 𝑃𝑃(𝑢𝑢|𝑧𝑧)𝑃𝑃(𝑧𝑧)
𝑃𝑃(𝑢𝑢)

                                       (28)  

𝑃𝑃(𝑧𝑧|𝑢𝑢) ∝ 𝑃𝑃(𝑧𝑧)∏ 𝑃𝑃(𝑢𝑢|𝑧𝑧)𝑐𝑐∈𝐶𝐶                                        (29) 

𝑁𝑁𝑁𝑁𝑢𝑢 = argmax
𝑢𝑢∈𝑈𝑈

𝑃𝑃(𝑈𝑈)∏ 𝑃𝑃(𝑢𝑢|𝑧𝑧)𝑐𝑐∈𝐶𝐶                       (30) 

4.4 Test systems 

The IEEE-14 bus test network represents an integrated medium voltage transmission-

distribution network which is ideal for testing the proposed model. The IEEE-14 bus network 

comprises 14 buses, 5 generators, 11 loads, and 16 lines as modeled in Figure 4.12. The test network 

consists of two voltage levels of 220kV and 132kV representing the transmission and distribution 

networks, respectively. Generators 1, 2, and 3 are considered coherent generators, while the 

synchronous DGs 6 and 8 are replaced afterward with doubly fed induction generator wind turbine 

(WT) DG for the simulation scenarios. The responses of the integrated network to transient 

disturbances are monitored at the two transmission-distribution (T-D) network interfaces (buses 06 

- 07 and buses 04 - 07) through links 1 to 4 representing the simulation scenarios I – IV. The 

considered DG types (DT) and penetration level (PL) with their respective associated codes are 

shown in Table 4.3. The DG penetration level (PL) in MW is initialized from 0% and terminated at 

100% with an increment value of 25% of the total distribution network load. This paper considers 

multiple contingencies on both the transmission and distribution sides of the integrated network. The 

faulted element and contingency type (CT) selection for a particular dynamic stability simulation 

session follows the order presented in Table 4.4.  

Table 4.5 shows the dynamic parameters of the IEEE 14 bus network synchronous 

generators. The control system diagrams for the automatic voltage regulator (AVR), and the power 

system stabilizers (PSS) are shown in Figure 4.13, with parameters as given in Table 6. The function 

of the AVR system is to ensure that the generator's terminal voltage (𝑉𝑉𝑡𝑡)  is equal to the reference 

value (𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉) through the VPSS, which is the sum of the signal from the PSS and the excitation 

limiters. The IEEET1 exciter is developed based on a DC generator model. The first-order lag block 

delays the voltage compensator (𝑉𝑉𝑉𝑉) by the time constant (𝑇𝑇𝑇𝑇). The lead-lag block is used to model 

the exciter's inherent time constants. The derivative of the resultant of the delayed compensator, the 

signal from the system stabilizer (𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉), and the reference voltage signal (𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉) are then obtained 

with a scaling factor 𝐾𝐾𝐾𝐾 and delay constant 𝑇𝑇𝑇𝑇.  The output of the derivation is zero in the steady-

state grid operation. The last blocks of the exciter include the exciter constant 𝐾𝐾𝐾𝐾, exciter time 
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constant 𝑇𝑇𝑇𝑇, the exciter saturation functions 𝑆𝑆𝑆𝑆, the feedback gain 𝐾𝐾𝐾𝐾, and the feedback time 

constant 𝑇𝑇𝑇𝑇 functions as the protective circuits and limiters. After a disturbance, the PSS is intended 

to minimize the power system oscillations which are represented by the speed deviations (∆𝜔𝜔) of the 

grid machines. The first block 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾 is the PSS gain, while the second block is a first-order filter 

with washing time constants 𝑇𝑇𝑇𝑇. The last two blocks are lead-lag compensators, where 𝑇𝑇1 𝑡𝑡𝑡𝑡 𝑇𝑇4 

are time constants. 

The steam turbine-governor model with fast valving (TGOV2) used in the test system is 

shown in Figure 4.14. The TGOV2 model ensures machine frequency regulation in grid-connected 

and island modes. Fast turbine valving is used to improve the grid’s transient stability.  The constant 

speed/frequency of the grid is achieved using the various possible steam timing combinations from 

the control valves. During contingencies, the steam volume is insufficient to maintain the individual 

generator’s speed. Consequently, the automatic governor control receives the signal using the 

reference power level (Pref) and the speed change (Δω) to determine the necessary adjustment to the 

steam valve to achieve a mechanical power output (Pm) which maintains the frequency of the grid. 

Generally, the grid operators vary each generator's contribution based on its power drop (PD). The 

range of values of the time constants (T1, T2, and T3), the damping coefficient (D), the governor 

gain (K) as well as the maximum and minimum valve positions are given in Table 4.6. The 

mechanical torque is derived through a Proportional-Integral-Derivative (PID) controller. The tuning 

and configuration of the control blocks according to the regulation performances determine the 

system's response. The configuration is also essential to achieve the desired mechanical power of the 

machines. The grid operator can request a different contribution from each power plant according to 

its capability of regulating the grid frequency by adjusting its power production.  

 
Figure 4.12: IEEE 14-bus test case 
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Table 4.5: IEEE 14 bus dynamic and short circuit data 
Machine data 

Parameters Gen 1 Gen 2 Gen 3 DG 6 DG 8 
H (s) 
𝑋𝑋𝑑𝑑 (%) 
𝑋𝑋𝑑𝑑′  (%) 
𝑋𝑋𝑞𝑞 (%) 
𝑋𝑋𝑞𝑞′  (%) 
𝑇𝑇𝑑𝑑0′  (s) 
𝑇𝑇𝑞𝑞0′  (s) 

6.3 
89.8 
60 

64.6 
64.6 
7.4 
0 

10.7 
105 
18.5 
98 
36 
6.1 
0.3 

3.37 
105 
18.5 
98 
36 
6.1 
0.3 

2.66 
125 
23.2 
122 
71.5 
4.75 
1.5 

2.66 
125 
23.2 
122 
71.5 
4.75 
1.5 

 
Table 4.6: Synchronous generator and wind turbine parameter 

SYNCHRONOUS GENERATOR  
Exciter PSS Governor  

Para 
meter 

Value Para 
meter 

Value Para
meter 

Range 

TR (s) 
KA 

TA (s) 
KF 

TF (s) 
TE (s) 

AE 
TC 
TB 
KE 
TE 

0.001 
20 

0.02 
0.063 

1 
0.7 

0.0006 
15 
10 
0.1 
0.5 

KPSS 
TW 
T1 
T2 
T3 
T4 

VPSS 
Max 
VPSS 
Min 

10 
10 

0.29 
0.02 
0.5 

0.05 
0.2 
-0.2 

PD 
T1 

VMax 
VMin 

T2 
D 
T3 
K 
 

0 - 0.1 
0.04 - 0.5 
0.5 - 1.2 

0 ≤ 1 
1 - 10 
0 - 0.5 

0.04 - 0.5 
0.1 – 0.5 

 
(a) 

 
(b) 

Figure 4.13: (a) Exciter IEEET1 control system; (b) Conventional PSS 
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Figure 4.14: Steam turbine-Governor with fast valving- TGOV2 

4.5 Results and discussion 

4.5.1 Simulation scenarios and results 

The transient responses of the network with two (2) DG types and five (5) different 

penetration levels under seven (7) different possible disturbances as described in Section 3 are 

discussed in this section. Figure 4.15 shows the pre-fault and post-fault conditions on the network 

under a three-phase short circuit fault on the highest loaded transmission line. The network with type 

2 DG generates the least loadabilities, with the highest attained at 25% penetration. Types 1 DG 

generates post-fault loadability increments of 88.2%, while type 2 DG records a decrement of 29.5 

%. The result of the network with type 2 DG also shows that the network pre-fault loadability may 

not always be proportional to the DG penetration level, as implied in the result of networks with 

types 1 DG. The average collapse voltage for the types 1 and 2 DGs are 0.66 pu and 0.70 pu, 

respectively, under 0%, 25%, and 75% penetration levels. Similar to the pre-fault loadability, the 

post-fault loadabilities for the network with type 2 DG produce the least values with a sharp decline 

at 100% penetration. With these pre-fault and post-fault conditions, the critical clearing angles 

corresponding to each DG type and penetration level are estimated as shown in Figure 4.16. The 

highest and least critical clearing times were obtained for the network with type 2 DG and the values 

remain constant between 25% - 100% of the type 2 DG penetration.  The resulting critical clearing 

time is hereafter employed for the dynamic stability simulation of the networks. The frequency and 

voltage responses of the network at 0% penetration level are shown in Figures 4.17 and 4.18. A 

simulation scenario includes a combination of faults, types of DGs, and DG penetration levels, 

generating a total of 70 data instances for each scenario. The types of contingencies are shown in 

Table 4.4, with all faults set at 1s and cleared at 1.3s. The during-fault voltage is between 0.2 pu and 

0.65 pu for all the simulation scenarios. The post-fault voltage and frequency deviations, which are 

strong indicators of the network's security states, are extracted to develop a classification model for 

security prediction. A significant proportion of the instances in all the scenarios have voltage 

deviations between 0.01-0.05, as shown in Figure 4.19. The highest mean voltage deviation of 0.09 

was recorded for scenario 1. Scenario 4 has the least average frequency deviation with a peak of 

0.011, as shown in the distributions in Figure 4.20. 
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Figure 4.15: Pre-fault and post-fault loadability 

 
Figure 4.16: Predicted critical clearing times vs penetration levels 

 
Figure 4.17: Network initial frequency response 

 
Figure 4.18: Network initial voltage response 
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Figure 4.19: Voltage deviation distribution 

 
Figure 4.20: Frequency deviation distribution 

4.5.2 Model training and security class prediction 

From the obtained responses, 6 attributes and 70 instances for four simulation scenarios were 

extracted and prepared for clustering. The types of contingencies, DG types, penetration levels, and 

the security states are assigned nominal data types; and the voltage and frequency deviations are 

assigned numeric data types. The clustering model is based on pattern recognition of the post-fault 

voltage and frequency ranges described by IEEE standards 1346-1998 and 1547-2005, respectively. 

The filtering and distribution estimation of the attributes was implemented during data pre-

processing. The highest and lowest ratios of secure to insecure states extracted from the networks' 

dynamic simulation are 1.72 and 1.12 representing scenarios 2 and 1, respectively. A three-phase 

short circuit fault on the transmission nodes leads to insecurity for both DG types for simulation 

scenarios 1 and 4. While implementing the density-based clustering, the results of the proposed EM 

clusterer are compared with similar clusterers: namely the K-means (KM), canopy clusterer (CC), 

and the hierarchical clusterer (HC). The clusterers are trained on 70% of each scenario dataset, while 

the remaining 30% is used for testing. The EM and CC clusterers are set up with 10 seeds, while the 

Euclidean distance function is adopted for the KM and HC clusterers. Figure 4.21 shows the clusters' 

voltage range distributions for scenario 1. The cluster formations obtained from the EM and CC 

clusterer are well defined compared with the KM and HC clusterers. The clusterers are consistent in 

terms of the mean voltage and frequency deviations for all scenarios except scenario 2. Figure 4.22 

shows the prior probabilities which represent the distribution of the clusters obtained from the 

density-based clustering technique. The generated clusters average distribution of 57% and 43% 
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corresponding to clusters 1 and 2 for all the scenarios was obtained from the EM clusterer under the 

build time.  

A classification via clustering technique is applied to evaluate the performance of the 

proposed density-based clusterers. Through this technique, the performance of the clustering model 

can be evaluated using classifier parameters. The accuracies of the proposed clusterer for the 

considered simulation scenarios with the other compared clusterers are shown in Figure 4.23. The 

accuracies of all the clusterers increase consistently from scenario 1 to scenario 2 except for the KM 

clusterer. The highest and lowest accuracies are obtained from the EM and KM clusterers under 

scenarios 4 and 1, respectively. Table 4.7 shows the average accuracy, kappa statistics, log-

likelihood, and root mean square errors (RMSE) of the proposed density-based EM and the compared 

models. The EM model has the best accuracy as well the likelihood values for all the scenarios 

followed by the K-Means model when compared with the other density-based models. The number 

of incorrectly clustered instances extracted from the confusion matrix correlates with the accuracy 

of the EM model for the scenarios as shown in Figure 4.24. 

 
Figure 4.21: Voltage range distribution for clusters 1 and 2 

 
Figure 4.22: Cluster prior probabilities 
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Figure 4.23: Model accuracy for network scenarios 

  Table 4.7: Clusterers' average performance evaluation 

Models Accuracy  
(%) Kappa Log  

likelihood RMSE 

EM 92.7 0.93 -2.7  0.21 
KM 91.8 0.92 -2.5 0.21 
HC 91.3 0.92 -2.5 0.22 
CC 90 0.9 -2.18 0.22 

 
Figure 4.24: Incorrectly clustered instances 

The trained Naïve Bayes classification model with the class label from the density-based EM 

clustering model for scenario 1 gives a mean absolute error (MAE) of 0.0078 with no incorrectly 

classified instance. The average prediction accuracy (APA) is 98% and the Kappa statistics is 

approximately 1. Figure 4.25 shows the model's average prediction accuracy (APA) when tested with 

seven (7) separate datasets of different instance sizes. The first test dataset (sample 1) consists of 70 

instances, then the number of instances was reduced by 10 after reshuffling until the last test dataset 

(sample 7). Except for sample number 6 where the error is uncharacteristically small compared to 

the test sample size, the error margin increases with every decrease in test sample size. The 

comparison of the Naïve-Bayes classifier with other common classifiers showing the APA, MAE, 

RMSE, RAE, and the building time is presented in Table 4.8. The APAs and estimated errors of the 

proposed approach as well as the compared models, are shown in Figure 4.26.  

The proposed Naïve-Bayes classifier performs better than the compared classifiers in terms 

of accuracy and errors. While the LMT model has the lowest RMSE, its average prediction accuracy 

of 93% is significantly lower. The proposed technique is also computationally efficient, with a build 

time of 0.01s. Table 4.9 compares the proposed technique with existing techniques for security 
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assessment of the grid, considering the accuracy, model training time and average error values. The 

proposed technique performs better with the highest average prediction accuracy of 98% and the 

least model building time of 0.01s. However, the technique proposed in [23] has the least RMSE 

value with a significantly high model building time. The notable advantage of the proposed approach 

in this paper is the capability of the classifier to adapt to the probabilistic characteristic of the power 

grid parameters.  The attributes considered for the grid's security prediction in this paper are 

probabilistic. Therefore, a probabilistic classifier is more suitable for developing a predictive model. 

The proposed Naïve-Bayes classifier can be trained in an incremental configuration with the dataset 

divided into several smaller batches for online security state classification.  

 
Figure 4.25: Prediction accuracy 

Table 4.8: Classification model comparison 
 
 
 
 
 
 
 
 
 
 

 
Figure 4.26: Model prediction accuracy comparison 
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Table 4.9: Comparison of proposed technique compared with existing techniques 

Reference Classifier APA 
(%) 

 Time 
(s) 

RMSE 

Propose approach Expectation maximization and Naïve-Bayes 98  0.01 0.036 
[216] Support vector machine 96.5  0.63 - 
[232] Decision tree 97.7  - - 
[220] Decision tree and Artificial neural network 95.3  - 0.053 
[15] Neural network 95.6  1.32 0.043 
[20] Support vector machine 94.2  - - 
[224] Ball vector machine 97.1  5.6 0.0315 

 

4.6 Conclusions 

To ensure the security of the modern grid, it is necessary to be able to predict its security 

considering increased RESs penetration. This paper presents an efficient machine learning-based 

technique for grid security state prediction. The proposed methodology involves attribute extraction 

from numerous transient state responses considering different DG types, penetration levels, and 

contingency locations. The extracted attributes (voltage deviation and frequency deviations) with the 

network operation and contingency scenario form the historical training dataset of four simulation 

scenarios with 70 instances each. Two clusters representing the network's security states were generated 

from this dataset using the density-based clustering technique. Afterward, a predictive model was trained 

from the labeled dataset using a Naïve-Bayes probabilistic classifier. The model produced a high APA 

and low MAE of 98% and 0.78%, respectively, with a very short model training and building time of 

0.01 seconds. The model testing results with seven different datasets with varying instance sizes present 

an average MAE of less than 1%. The results show that the proposed EM and Naïve-Bayes models 

perform well compared to similar machine learning models. Finally, this paper has demonstrated the 

feasibility of employing the attributes extracted from the transient response for the security prediction 

of the modern grid, considering varying DG penetration levels. 

While the proposed approach in this paper can predict the grid's critical clearing time and 

security state through dataset clustering and classification techniques, few limitations have been 

identified. For easier data clustering and due to the capability of the Naïve-Bayes algorithm, the DG 

penetration level is designated as nominal. The nominal data structure of the DG penetration level 

enhances the difficulty of identifying the grid security state between two distinct RES-DG penetration 

levels. Also, the proposed technique relies on data clustering, therefore, it is heavily dependent on a 

large dataset which in turn may increase the total model build and deployment time. Future research 

from this paper may focus on estimating the load shed value and RES-DG penetration level during 

insecure prediction or prediction algorithm failure. It is also important to assess how the incremental 

alternative of the clustering and classification algorithms impacts the security prediction while reducing 

the training time as the dataset increases. The result in this paper is based on the type III wind turbine 

system. The impact of the other wind farm types (asynchronous, full converter, etc.) on the grid's security 



104 

response may be investigated for future research. The deployment of the proposed model as an 

executable software for system operator utilization after being evaluated for robustness and scalability 

is also a good consideration for future research. 



105 

5 Manuscript 4: Online Security Prediction 

Preamble 

Prior knowledge of the grid’s security state for the proposed operation scenario is crucial for 

modern grid operation. Offline prediction models require significant data storage and models need 

to be trained again each time a new set of data is available. This chapter presents a framework for 

online security state prediction using an incremental machine learning algorithm. With an 

incremental training technique, the performance of the previous model is improved by the new data 

set, thereby improving the model’s accuracy. The model may be deployed for prediction at any stage 

of training, making it suitable for real-time security state predictions. As demonstrated in this chapter, 

prior information on the grid’s security state is essential for planning and security control of low 

inertia grids. Therefore, Chapter 5 proposes a Gaussian process-based load shedding technique for 

the intelligent security control system. The proposed intelligent security control helps estimate the 

required load shed to ensure the security of predicted, planned operating scenarios. Furthermore, the 

method introduces a prequential model training technique that improves the accuracy of the 

incremental Naïve-Bayes models. Compared to other security prediction methods in the literature, 

the presented method can predict the security state of the grid with varying grid attributes and 

determine the optimal node for load shedding to ensure the grid's security ahead of time. 
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Abstract: The proliferation of renewable energy sources distributed generation (RES-DG) into the 

grid results in time-varying inertia constant. To ensure the security of the grid under varying inertia, 

techniques for fast security assessment are required. In addition, considering the high penetration of 

RES-DG units into the modern grids, security prediction using varying grid features is crucial. The 

computation burden concerns of conventional time-domain security assessment techniques make it 

unsuitable for real-time security prediction. This paper, therefore, proposes a fast security monitoring 

model which includes security prediction and load shedding for security control. The attributes 

considered in this paper include the load level, inertia constant, fault location, and power dispatched 

from the renewable energy sources generator. An incremental Naïve Bayes algorithm is applied on 

the training dataset developed from the responses of the grid to transient stability simulations. An 

additive Gaussian process regression (GPR) model is proposed to estimate the load shedding required 

for the predicted insecure states. Finally, an algorithm based on the nodes’ security margin is 

proposed to determine the optimal node(s) for the load shedding. The average security prediction and 

load shedding estimation model training times are 1.2s and 3s, respectively.  The result shows that 

the proposed model can predict the security of the grid, estimate the amount of load shed required, 

and determine the specific node for load shedding operation. 

Keywords: Security, Incremental machine learning, Renewable energy sources, Distributed 
generation. 
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5.1 Introduction 

The emerging grid is used to describe the future power system with a clean, affordable, 

sustainable energy generation and delivery system. The emerging grid is also characterized by high 

efficiency and reliability achievable through the accompanying components such as renewable 

energy sources distributed generation systems (RES-DGs). There has been a concerted effort to 

enhance the emerging grid to accommodate high penetration levels of RES-DGs as the power grid 

moves to a carbon-less grid. To deliver a reliable resilient and secure grid, the power grid requires 

intelligence to sense, assess and predict the security state of the grid [257]. The rapid transition 
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towards a more active and intelligent grid will help to achieve high RES-DG penetration, improved 

security, and reliability. As the emerging grid evolves to accommodate the increasing integration of 

RES-DGs and energy storage systems (ESS), it is essential to ensure its security through security 

analysis and prediction. 

Figure 5.1 shows the emerging power grid with several components related to the generation, 

control and utilization of energy. These components may be categorized into smart generation, smart 

transmission, smart distribution, and smart communication systems [258]. The smart generation is 

strongly linked to decarbonization and digitalization since the grid will contain a mix of large and 

small RES-based generation units. The smart generation also considers the microgrid model where 

active customer (prosumers) generates power through the distributed generation together with 

storage systems and transfers the surplus power generated to the grid [48]. The smart distribution 

system is based on the adoption of advanced distribution management technologies that will help 

optimize distribution network operations and increase network resiliency. The use of smart meters is 

also critical for energy usage monitoring and management. Smart distribution is the most recent 

notion, and it entails putting in place managerial measures. Smart distribution's most recent concept 

is the use of managerial strategies to develop resources on the demand side by influencing load 

demand. The goal of smart communication systems is to eliminate information asymmetry and hence 

improve supply reliability. Power line communication technology, which allows bi-directional 

communication over existing power lines, is a key technology to achieve this goal [150]. 

 
Figure 5.1: Emerging power grid with RES-DG units 

System security has been defined by system regulators and operators for decades as the 

ability of the grid to withstand sudden and disturbances such as short circuits or unexpected network 

elements losses due to natural causes. Under this definition, the grid’s security can be evaluated under 

static security through voltage and thermal limits and under dynamic/transient security through 

voltage, angular, frequency stability studies [259]. The assessment of grids’ security under the impact 

of disturbances and unexpected network elements losses using these limits and stability studies may 

be regarded as a conventional security assessment. However, in modern grids with several Internet 
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of Things (IoT) devices and wide area network controls, the focus of security assessments has been 

expanded to include cybersecurity assessment of the cyber-physical grid. The assessment of the 

cyber-physical grid security includes estimating the impacts of feasible cyber-physical attacks, 

evaluating the grid’s dependency on its cyberinfrastructure, and assessing the ability of the grid to 

tolerate potential failures due to the cyberinfrastructure [260]. Comprehensive security assessment 

for the modern grid will be performed under the conventional security and cybersecurity assessments. 

However, the security state of the grid due to the impact of either the traditional disturbances or 

cyberattacks remains classifiable into the secure, insecure, and asecure states as given by Liacco [21].  

As more renewable energy sources distributed generations (RES-DGs) are added to the grid, 

the existing synchronous generators are disconnected and decommissioned. Since the RES-DGs do 

not support the grid with any significant mechanical inertial energy, the grid’s resultant inertia 

constant is therefore notably reduced under high penetration of RES-DGs [6]. At reduced inertia, the 

steady-state operation of the grid may be secure since the disturbance is usually small and gradual. 

However, during fault conditions and large changes in load, the security of the grid may not be 

guaranteed. The insecure state is consequential to the grid not having sufficient inertial energy to 

withstand the perturbation during the period of the fault or large change in load. In addition to the 

inertia constant challenge of RES-DGs, variability, and intermittency of the power generation from 

RES-DGs, may be compromised the reliability of the grid at high penetration levels [261].  

The deployment of data acquisition devices within the grid enables the generation of 

enormous data related to the state of the grid. Recent research has been focused on the application of 

machine learning techniques to identify patterns within the generated data to predict the security of 

the grid. Machine learning techniques are basically of two types, batch, and incremental learning 

techniques. In real life application environment, machine learning is implemented as a repetitive 

process. A trained model is obtained using an appropriate algorithm on a preprocessed training 

dataset. If model performance is satisfactory, predictions of the class of new instances from the test 

dataset can then be obtained using the trained model [262]. The old (training) and the new (testing) 

datasets may then be combined to generate a new and larger dataset. Under the batch machine 

learning process, the predictive model needs to be retrained using the new and larger dataset. The 

performance of the latest model does not depend on the former model [263]. 

With the rapid deployment of data acquisition devices, the modern power grid will continue 

to generate a large amount of data in short time intervals. The models developed from the batch 

training modes are often discarded when a new model is obtained. There are several challenges 

associated with developing a batch machine learning model from a large dataset considering the 

continual increase in the dataset volume. To begin with, the time required in retraining a model from 

the combination of the old and new datasets is a significant challenge. The training time is 

proportional to the volume of the data. Consequently, the time lost between model retraining and 

deployment impacts the model user experience. In addition, the challenge of large memory 

requirements for the storage of the data for future applications will also be considered. The 
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incremental learning process provides a solution to these challenges [264]. With batch training 

algorithms, the obtained classification model is seamlessly updated with new instances. The 

capability to effortlessly update the incremental machine learning models make them more suitable 

for real life and online applications [265]. 

Many security predictions and control strategies have been proposed for the grid with and 

without considerations of the penetration of RES-DGs. One of the recent strategies is the application 

of a suitable machine learning algorithm to the existing dataset containing the historical security 

information of the grid. These machine learning-based prediction techniques have been implemented 

in [14, 213, 266, 267]. These techniques have shown their effectiveness to predict the security of the 

grid in case of transient security [14], frequency deviation [213], and distance to insecurity [268] 

without considering the penetration of any type of distributed generation into the grid. The techniques 

were based on only one system variable (voltage [14, 266-268], frequency [213]). Considering the 

grid with high penetration of RES-DG, the proposed techniques may not be applicable under 

changing inertia and system loading. Batch machine learning-based techniques were proposed in 

[217, 225]. Batch models may not be effective for real-time security prediction considering the time 

required to retrain the model when new data is available. For real-time security prediction capability, 

an incremental model which requires less amount of data for initial training is more effective.  

Many existing techniques for security control in recent literature are based on restorative 

actions aimed to restore the system from the unstable to the normal state.  Refs. [269, 270] present 

cases with primary responses while [239, 271] proposed techniques for secondary responses for 

frequency control. Models based on virtual power plant (VPP) application were proposed in [272, 

273], synthetic inertia techniques were developed in [274, 275] and fast frequency response (FFR) 

control methods using backup generators were proposed in [276, 277]. The VPP and FFR controls 

require complex algorithms, which are made more difficult by the significant penetration of RES-

DG in the grid. 

Considering the existing methods for under-frequency control due to the substantial variance 

in generation and load, demand-side contribution with load shed have been effective to ensure quick 

system recovery grids frequency [24, 278]. To estimate the load shed required for frequency 

recovery, conventional analytical and optimization techniques [8, 279, 280], adaptive techniques 

[281, 282] and meta-heuristic techniques [283, 284] have been proposed. Although the existing 

methods can estimate and predict to a reasonable degree of accuracy the load shed required to ensure 

the security of the grid through frequency control, the determination of the optimal load shed nodes 

were not discussed. Also, most of the existing techniques are developed based on the relation of the 

grid's power imbalance, the rate of change of frequency (ROCOF), and the frequency nadir, therefore 

the applicability of the techniques to a grid under varying attributes is highly doubtful. Furthermore, 

as synthetic inertia techniques for supporting conventional inertia in low inertia grids become more 

popular [285], it is necessary to anticipate the security of the grid for a specific level of inertia. Table 
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5.1 shows a summary of existing techniques in recent literature for the security assessment and 

prediction of a power grid.  

Table 5.1 Literature review summary 
References Main objective Approach Main predictor(s) 

[267] Short-term voltage stability 
online prediction 

Online Voltage magnitude 

[14] Transient stability 
prediction 

Offline Rotor angle 

[225] Framework for transient 
stability prediction 

Offline Rotor angle 

[286] Prediction of the transient 
Stability Boundary 

Offline Voltage magnitude and 
rotor angle 

[20] Static security assessment Offline Voltage magnitude 
[17] Security assessment for 

multiple contingencies 
Offline Voltage magnitude 

[21] Power systems security 
assessment 

Offline Voltage magnitude 

[266] voltage stability prediction Online Voltage magnitude 
[19] Online static security 

Assessment 
Online Voltage magnitude and 

angle 
[18] Online transient stability 

prediction 
Online Voltage magnitude and 

rotor angle 

Security predictors in existing frameworks and techniques have largely been determined by 

changes in system load and generation. These determinants are effective for conventional grids with 

insignificant penetration of non-synchronous generators. However, to achieve effective security 

prediction for the modern and emerging grid, there is a need to extend the predictor determinants to 

include varying parameters critical to the grids with high penetration of non-synchronous generators. 

Consequently, it is important to develop a method to achieve fast security prediction and control that 

takes into consideration changes in inertia, generation levels from renewable energy systems, and 

network contingencies. Hence, the contributions of this paper include: 

• demonstrating the feasibility of security prediction using a time-varying system’s 

deterministic and probabilistic attributes,   

• developing a model using an incremental Naïve-Bayes algorithm for online security 

prediction for the emerging grid, 

• proposing a gaussian process regression load shed estimation method to ensure the security 

of the predicted insecure network operation instances and, 

• proposing a voltage security index ranking technique for optimal load shed node(s) selection. 

This paper is focused on the emerging grid with variable penetration levels of RES-DG units 

which will result in varying inertia constants of the grid. The proposed model is based on an 

incremental Naïve Bayes classification algorithm for security prediction based on the rotor angle 
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response obtained from the transient stability assessment of the network to a three-phase short circuit 

fault. The attributes considered for the classification are inertia constants, the system loadings, the 

RES-DG power generation, and the fault location within the grid. An additive Gaussian process 

regression (GPR) model using the Pearson Universal kernel (PUK) is developed to estimate the 

amount of load shed required to ensure the security of the insecure predicted network instances. In 

conclusion, the suitable node (s) for the load shedding is determined using a ranking algorithm based 

on the node loads and voltage security margins.  

The rest of this paper is organized as follows. Section 5.2 discusses the impact of high 

penetration of RES-DG units on the power grid as well as the security modeling and assessment of 

the integrated transmission and distribution network considering time-changing inertia. Online 

machine learning with the proposed incremental classification algorithm and intelligent security 

control are presented in section 5.3. Section 5.4 contains the results and discussions obtained from 

testing the proposed techniques on the IEEE 39 bus network, while the conclusions are presented in 

section 5.5. 

5.2 System Security and Inertia Constant Modelling 

5.2.1 RES-DG units and time changing inertia 

More fossil fuel-based synchronous generators will be made redundant as the penetration of 

RES-DG units increases. The RES-DG units are connected to the grid through electronic converters, 

therefore they do not supply mechanical inertia to the grid. The frequency of the power grid is 

controlled by the inertia supplied by synchronous generators within the grid. At low penetration of 

RES-DG into the grid, the frequency response may not be significantly impacted. However, as the 

RES penetration level increases, frequency stability and power oscillations within the grid under 

disturbances becomes a challenge. Attempts have been made to estimate the instantaneous RES-DG 

penetration level beyond which the grid frequency may fall below the security range after a 

disturbance.  

Traditionally, the inertial response from the synchronous generator is an inherent 

characteristic, and it is not treated as an ancillary service. However, with the increase in penetration 

of RES-DG, the grid operators in several power systems have identified inertia as an ancillary service 

[287]. From the grid operator’s perspective, the grid can be categorized as a high and low inertia grid 

depending on the penetration level of RES-DG. A grid with low penetration of RES-DG is referred 

to as a high inertia grid and a grid with a high penetration of RES-DG is described as a low inertia 

grid. Figure 5.2 shows the frequency responses of the grid under high and low inertia values. Under 

low inertia values, the frequency Nadir and the rate of change of frequency (ROCOF) are both 

increased. Also, more oscillations are experienced by grids with low inertia values before attaining 

stability. 
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Figure 5.2: Frequency response under varying inertia 

Considering the rapid proliferation of RES-DG units into the grid, it is therefore important to be able 

to predict the security of the grid under changing inertia values. The equivalent inertia constant (𝐻𝐻𝑒𝑒𝑒𝑒) 

for a grid at a particular time can be derived as shown in (1) and (2). 

𝐻𝐻𝑖𝑖 = 𝐸𝐸𝑘𝑘
𝑆𝑆𝑟𝑟,𝑖𝑖

                     (1) 

𝐻𝐻𝑒𝑒𝑒𝑒 =  ∑ 𝐻𝐻𝑖𝑖×𝑆𝑆𝑟𝑟,𝑖𝑖
𝑁𝑁
𝑖𝑖=1

𝑆𝑆𝐵𝐵
                   (2) 

where 𝐻𝐻𝑖𝑖 is the inertia of the 𝑖𝑖 − 𝑡𝑡ℎ synchronous generator, 𝑆𝑆𝑟𝑟,𝑖𝑖 is the rated apparent power of the 

𝑖𝑖 − 𝑡𝑡ℎ synchronous generator, 𝐸𝐸𝑘𝑘 is the total rotational kinetic energy stored in the grid, 𝑆𝑆𝐵𝐵 is the 

base power of the grid, and 𝑁𝑁 is the total number of synchronous generators connected to the grid. 

5.2.2 Power system security modeling and assessment 

System security is defined as the ability of the system operating point to remain within the secured 

zone in which any of the constraints are not violated under dynamic and transient conditions [288]. 

According to IEEE standard 1547.1-2015 [289], the operation of RES-DGs within a grid should not 

result in the insecurity of the grid. Consequently, at high penetrations of RES-DGs, the grid should 

be able to remain in a secure state during and after the occurrence of contingencies. Any constraints 

violations leading to insecurity during and after the occurrence of a contingency should be confined 

to an area within the grid. The constraints under which the security can be assessed are developed 

based on the system variables of concern. As shown in Figure 5.3, a, b, c, and d may represent the 

node voltage, rotor angle, frequency, and current limits for the 𝑖𝑖 − 𝑡𝑡ℎ operating point for the system 

under contingencies. The 𝑖𝑖 − 𝑡𝑡ℎ operating point is represented by the dots along the trajectory of each 

variable at a specific time. The operating points represented by the different coloured dots move from 

the secure state (green colour) to the insecure state (red colour). Depending on several factors, 

including the type of contingency, a network may have operational points in different security states 

at the same time. However, it is common to have the system variable operating points existing in the 

same security state. 
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Figure 5.3: System security region modeling 

As stated earlier, the security state of a network may be assessed using several network 

variables including the post contingency voltage and frequency values as well as the rotor angle 

response of the synchronous machines. During contingencies, the values of network variables are 

allowed to deviate over a specified security limit. However, to achieve a new security state, the grid’s 

frequency and voltage must return to the initial values while the rotor angle settles at a new stability 

point. The security of the grid largely depends on the dynamic parameters of the generators, 

transmission system, and load. The general steps to security assessment include contingency 

screening, contingency ranking, and security assessment using appropriate indices. 

5.2.3 System modeling for transient stability assessment 

A disturbance within a grid caused by a fault or sudden change in load leads to the exchange 

of stored kinetic energy between the system’s synchronous generators. The result is a change in the 

speed of each generator. Since the change is different for each generator, the generators swing 

relative to each other and relative to the reference generator in the grid causing the flow of 

synchronizing power among the generators. Faults within a section of the grid create large 

disturbances within the boundaries of such grid section. The fault may be due to but not limited to 

equipment malfunction, human errors, natural disasters, and attacks. The effects of the disturbances 

may spread across the whole grid if quick action is not taken. It is, therefore, the responsibility of the 

grid operators to ensure the reliability of the power supply considering the possibility of disturbances.  

The general model used to ensure reliability is to anticipate and assess the fault conditions 

through transient security studies, and implement appropriate methods to limit the impact of the 

disturbances. The model of the power grid is based on the synchronized operation of several 

generators connected in parallel within the grid. If the synchronization criteria are met, generators 

can be readily added and removed, depending on the situation of the grid. To elaborate, the degree 

of security of the grid depends on the size of the generators, the locations of the generators within 
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the grid, the transfer capacity of the transmission network, the load distribution, and the type of 

disturbance.  

The relative swinging of the synchronous generators to each other and the reference 

generator is due to the non-uniformity in sizes and other dynamic parameters such as the inertia 

constant. Synchronism is lost when the swing of one or more synchronous generator(s) is beyond 

control; hence, the generator is said to be out of step. To avoid grid collapse, the out-of-step generator 

must be swiftly disconnected from the grid through the protection devices. The ability of the system 

to remain in synchronism after the occurrence of a fault is assessed under transient security studies. 

Considering the dynamic model of the synchronous machines, the grid can be represented by 

differential-algebraic equations models using the 𝑑𝑑 − 𝑞𝑞 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 model [290]. 

𝑇𝑇𝑑𝑑𝑑𝑑𝑑𝑑′ 𝑑𝑑𝑑𝑑𝑞𝑞𝑞𝑞
′

𝑑𝑑𝑑𝑑
= −𝐸𝐸𝑞𝑞𝑞𝑞′ − (𝑋𝑋𝑑𝑑𝑑𝑑 − 𝑋𝑋𝑑𝑑𝑑𝑑′ )𝐼𝐼𝑑𝑑𝑑𝑑 + 𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓                          (3)  

𝑇𝑇𝑞𝑞𝑞𝑞𝑞𝑞′ 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
′

𝑑𝑑𝑑𝑑
= −𝐸𝐸𝑑𝑑𝑑𝑑′ + �𝑋𝑋𝑞𝑞𝑞𝑞 − 𝑋𝑋𝑞𝑞𝑞𝑞′ �𝐼𝐼𝑞𝑞𝑞𝑞                           (4) 

𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎
𝑑𝑑𝑑𝑑𝑓𝑓𝑓𝑓𝑓𝑓
𝑑𝑑𝑑𝑑

= −𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓 + 𝐾𝐾𝐴𝐴(𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑉𝑉)                           (5) 

where 𝑇𝑇𝑑𝑑𝑑𝑑′  and 𝑇𝑇𝑞𝑞𝑞𝑞′  are the open-circuit time constants in the d and q axis, respectively; 𝐸𝐸𝑑𝑑𝑑𝑑′  and 𝐸𝐸𝑞𝑞𝑞𝑞′  

are the d-axis and q-axis transient voltages; 𝑋𝑋𝑑𝑑𝑑𝑑 and 𝑋𝑋𝑞𝑞𝑞𝑞 are the 𝑑𝑑 and 𝑞𝑞 synchronous reactances; 𝑋𝑋𝑑𝑑𝑑𝑑′  

and 𝑋𝑋𝑞𝑞𝑞𝑞′  are the d and q transient reactances; 𝐸𝐸𝑓𝑓𝑓𝑓𝑓𝑓 is the excitation system voltage; 𝐼𝐼𝑑𝑑𝑑𝑑 and 𝐼𝐼𝑞𝑞𝑞𝑞 are the 

𝑑𝑑 and 𝑞𝑞 armature current, respectively;   𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 is the voltage regulator time constant, 𝐾𝐾𝐴𝐴 is the voltage 

regulator gain, 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 is the reference voltage and 𝑉𝑉 is the generator terminal voltage.  If 𝜔𝜔𝑖𝑖 is the 𝑖𝑖 −

𝑡𝑡ℎ synchronous generator rotor angular speed, 𝜔𝜔𝑠𝑠 is the synchronous angular speed of the grid,  𝑃𝑃𝑚𝑚 

is the synchronous generator mechanical power, 𝑃𝑃𝑒𝑒 is the synchronous generator electrical power, 

then the rotational dynamics of the synchronous generators’ rotor is given by (7) and (8). 

𝑑𝑑𝑑𝑑𝑖𝑖
𝑑𝑑𝑑𝑑

= 𝜔𝜔𝑖𝑖 − 𝜔𝜔𝑠𝑠                              (6) 

2𝐻𝐻𝑖𝑖
𝜔𝜔𝑠𝑠

𝑑𝑑𝑑𝑑𝑖𝑖
𝑑𝑑𝑑𝑑

= 𝑃𝑃𝑚𝑚 − 𝑃𝑃𝑒𝑒 − 𝐷𝐷𝑖𝑖(𝜔𝜔𝑖𝑖 − 𝜔𝜔𝑠𝑠)                           (7) 

where 𝛿𝛿𝑖𝑖 is the rotor angle of the 𝑖𝑖 − 𝑡𝑡ℎ synchronous generator. If 𝑅𝑅𝑎𝑎𝑎𝑎 is the armature resistance, then 

the synchronous generator stator can be modeled using the algebraic equations given by (9) and (10). 

𝐸𝐸𝑞𝑞𝑞𝑞′ − 𝑉𝑉𝑖𝑖𝑐𝑐𝑐𝑐𝑐𝑐(𝛿𝛿𝑖𝑖 − 𝜃𝜃𝑖𝑖) − 𝑅𝑅𝑠𝑠𝑠𝑠𝐼𝐼𝑞𝑞𝑞𝑞 − 𝑋𝑋𝑑𝑑𝑑𝑑′ 𝐼𝐼𝑑𝑑𝑑𝑑 = 0                          (8) 

𝐸𝐸𝑑𝑑𝑑𝑑′ − 𝑉𝑉𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠(𝛿𝛿𝑖𝑖 − 𝜃𝜃𝑖𝑖) − 𝑅𝑅𝑠𝑠𝑠𝑠𝐼𝐼𝑑𝑑𝑑𝑑 − 𝑋𝑋𝑞𝑞𝑞𝑞′ 𝐼𝐼𝑞𝑞𝑞𝑞 = 0                (9) 

5.3 Online Security Prediction 

This section describes the steps involved in the development and deployment of an online 

machine learning model. As shown in Figure 5.4, historical training data is obtained through recorded 
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real-life operations and responses to significant events such as three-phase short circuit fault. 

Historical training data can also be represented by the responses of the network to several transient 

stability simulation scenarios using an appropriate simulation tool. The training dataset is then 

preprocessed to determine attribute suitability and impact on security (class of dataset) through 

filtering and/or correlation. A suitable machine learning algorithm is selected and then applied to the 

training dataset. The suitability of an algorithm for a classification model depends on several factors 

which include the data types, storage availability, type of training (batch or incremental). The step-

by-step operation of an online prediction model is shown in Figure 5.4. Since the model in the paper 

is intended for online security prediction, this paper focuses on the incremental Naïve Bayes 

classification algorithm.  

 
Figure 5.4: Online system security modeling 

The performance of the incremental model is evaluated at each training step. In a 

classification problem, a model with high accuracy (𝛼𝛼) and low misclassification rate (𝛽𝛽) is desirable. 

If 𝑁𝑁𝑐𝑐 is the total correctly classified instances in the stream of the dataset, 𝑁𝑁 is the total instances in 

the stream of the dataset, 𝑁𝑁𝑚𝑚 is the number of misclassification in the 𝑘𝑘 − 𝑡𝑡ℎ and 𝑁𝑁𝑁𝑁 is the total 

number of instances in the 𝑘𝑘 − 𝑡𝑡ℎ class [20], then the accuracy and misclassification of a model can 

be evaluated using (11) and (12). 

% 𝛼𝛼 = 𝑁𝑁𝑐𝑐
𝑁𝑁

 × 100                          (10) 

% 𝛽𝛽 = 𝑁𝑁𝑚𝑚
𝑁𝑁𝑁𝑁

× 100                 (11) 

The approach proposed in this paper involves transient security assessment under varying 

system parameters and grid operation points. The methodology proposed in the section above is 

focused on the prediction of the security of the grid for a given grid operating point. The knowledge 

of the security state of the grid using past and present data is required to determine techniques to 

ensure the security of the grid. The steps for the online security prediction and control technique 

proposed in this paper are described in the flowchart in Figure 5.5. The integrated transmission and 
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distribution network is modeled with a suitable automatic voltage regulator, power system stabilizer, 

and governor control for transient stability assessment with the necessary controllers for the RES-

DG units. Transient stability assessment is performed on the grid to determine its response to three-

phase bolted fault. The transient security assessment is performed several times using varying 

network parameters and grid operation points to obtain instances for the training dataset. The variable 

network parameters and grid operation points are regarded as the attributes of the training dataset 

and include the equivalent inertia constant, the load level, the aggregated RES-DG units output, and 

the fault distance. To optimize the model's accuracy and performance, the incremental Naïve-Bayes 

based-model training is carried out using the continual learning approach. With continual learning, 

the model can autonomously relearn from a stream of data and adapt automatically as new data is 

available to improve accuracy and performance.  

 
Figure 5.5: Proposed security control flowchart 

The continually trained model is saved after the best obtainable accuracy is obtained. The 

obtained Naïve- Bayes security prediction model is ready for deployment at any stage of the training 

between each data streams. If the security state prediction of the model to a proposed system 

operating state (live data) is correct, the predicted security state with the system operating state is 

afterward considered as historical data and used to improve the performance of the model. For the 

predicted insecure states, a regression-based model is proposed to estimate the amount of load shed 

required to ensure the security of the grid.  Also, an algorithm to determine the optimal node for load 

shedding is proposed. 
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5.3.1 Online machine learning model development 

Online security prediction is the response to system operation state given the knowledge of 

the true security state of previous operation states and, possibly, the availability of additional 

information. Online prediction models imitate the ability of humans to give responses and make 

rational decisions in an intelligent and programmed manner using basic everyday attributes. An 

online prediction model is used to predict the outcome of successive instances. In this paper, a binary 

classification model to predict whether the grid is secured or not using specific grid attributes is 

proposed. After the proposed grid event (instance), the true security response is received as feedback 

from the grid. Using this feedback, the difference in the precision of the prediction and the true 

security state can be measured. Based on the precision difference, the model is updated to improve 

predictive performance for future predictions. If 𝑤𝑤 is the classification model and 𝑁𝑁 is the number 

of training rounds for the model, then the steps for the development of an online binary classification 

model can be summarized as below [291]: 

1. Initialize the prediction function, 𝐹𝐹1, 

2. Receive new instance: 𝑥𝑥𝑡𝑡 ∈ 𝑅𝑅; where 𝑡𝑡 = 1, 2, 3 …𝑇𝑇,  

3. Predict class 𝑦𝑦𝑡𝑡 = 𝐹𝐹𝑡𝑡𝑋𝑋𝑡𝑡 ,   for 𝑥𝑥𝑡𝑡, 

4. Obtain true class label: 𝑦𝑦𝑡𝑡∗ ∈ {𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ,𝑛𝑛𝑛𝑛𝑛𝑛 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠}, 

5. Measure the loss suffered: 𝑙𝑙𝑡𝑡(𝐹𝐹𝑡𝑡), 

6. Update model from 𝑤𝑤𝑡𝑡 to 𝑤𝑤𝑡𝑡+1. 

The number of classification mistakes made by online learning algorithm can be measured 

using (15). The performance of an online algorithm is measured by the cumulative loss it suffers 

during the run of the 𝑇𝑇 sequences. The objective of the online learning task is to minimize the regret 

function of the model’s predictions against the best-saved model before the present prediction task 

as defined in (16). Assuming that the true responses are generated by an unknown but fixed 

hypothetical factor 𝑔𝑔, such that 𝑦𝑦𝑡𝑡 = 𝑔𝑔(𝑥𝑥𝑓𝑓) for all 𝑡𝑡 ∈ 𝑇𝑇, the cumulative loss of 𝑔𝑔 over an entire 

sequence is zero and is independent of 𝑇𝑇. The loss function in this paper is formulated as an online 

convex optimization (OCO) problem with respect to 𝑤𝑤 and is defined as (17). 

𝑀𝑀𝑇𝑇 = ∑ (𝑦𝑦𝑡𝑡∗ ≠ 𝑦𝑦𝑡𝑡)𝑇𝑇
𝑡𝑡=1                               (12) 

𝑅𝑅𝑇𝑇 = ∑ 𝑙𝑙𝑡𝑡(𝑤𝑤𝑡𝑡)𝑇𝑇
𝑡𝑡=1 − min

𝐹𝐹
∑ 𝑙𝑙𝑡𝑡(𝑤𝑤)𝑇𝑇
𝑡𝑡=1                        (13) 

𝑓𝑓𝑐𝑐−𝑡𝑡 = 𝑙𝑙�𝑔𝑔𝑤𝑤 , (𝑥𝑥𝑡𝑡 ,𝑦𝑦𝑡𝑡)�                         (14) 

where w is the classification model, 𝑙𝑙𝑡𝑡  is the loss suffered by the optimal model. It is important to 

note that 𝑤𝑤𝑡𝑡 can only be known after the examination of all the instances and their class labels.  
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5.3.1.1 Incremental Naïve-Bayes model 
The incremental Naïve-Bayes algorithm is used to realize the online classification model in 

this paper. The basic idea of the incremental Naive Bayes algorithm is to calculate a posterior 

probability based on the prior probability and new data [292]. The ability of the incremental Naive 

Bayes classification algorithm to support online learning is due to its leverage on and exploitation of 

prior information of the datasets. The structure for the incremental Naïve- Bayes algorithm is shown 

in Figure 5.6. The posterior probability is estimated from the prior probability and existing data. The 

predicted posterior probability will then become the new prior probability for the next learning batch 

[293, 294]. Subsequently, the incremental learning algorithm saves the updated prior probability as 

knowledge. To achieve unification of knowledge when new data is received, incremental learning 

algorithms estimate a new knowledge for the new data based on the old knowledge. The classification 

accuracy and precision are improved by adjusting the prior probability. 

 
Figure 5.6: Incremental Naïve Bayes learning model 

The post probability 𝑃𝑃(𝐶𝐶|𝑋𝑋) is the probability of an instance belonging to class 𝐶𝐶. The 

conditional probability 𝑃𝑃(𝑋𝑋|𝐶𝐶) is the likelihood of a specific class occurring, based on the occurrence 

of a previous instance. The class prior probability 𝑃𝑃(𝐶𝐶) is the estimate of the probability that a 

randomly sampled instance from a dataset will yield a given class notwithstanding the attributes of 

the instance. If 𝑋𝑋 = [𝐴𝐴1,𝐴𝐴2, . . ,𝐴𝐴𝑛𝑛] is a sample dataset with 𝑛𝑛 attributes, then, the post probability 

from the traditional Naïve Bayes principle can be evaluated from (19). 

𝑃𝑃(𝐶𝐶|𝑋𝑋) = 𝑃𝑃(𝑋𝑋|𝐶𝐶)𝑃𝑃(𝐶𝐶)
𝑃𝑃(𝑋𝑋)

                         (15) 

If 𝐶𝐶1,𝐶𝐶2, … ,𝐶𝐶𝑚𝑚 denotes the 𝑚𝑚 different possible classes, then for each dataset 𝑋𝑋, the post probability 

𝑃𝑃(𝐶𝐶𝑗𝑗|𝑋𝑋) is evaluated using the prior probability 𝑃𝑃(𝐶𝐶 = 𝐶𝐶𝑗𝑗) and conditional probability 𝑃𝑃(𝑋𝑋|𝐶𝐶𝑗𝑗) as 

given in (20). 

𝑃𝑃(𝑋𝑋|𝐶𝐶𝑖𝑖)𝑃𝑃(𝐶𝐶𝑖𝑖)
𝑃𝑃(𝑋𝑋)

> 𝑃𝑃(𝑋𝑋|𝐶𝐶𝑗𝑗)𝑃𝑃(𝐶𝐶𝑗𝑗)
𝑃𝑃(𝑋𝑋)

                        (16) 

where 𝑃𝑃(𝐶𝐶𝑖𝑖|𝑋𝑋) > 𝑃𝑃�𝐶𝐶𝑗𝑗�𝑋𝑋�… … 1 ≤ 𝑖𝑖 ≠ 𝑗𝑗 ≤ 𝑚𝑚. 
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From Figure 5.6, it is shown that the process of updating the incremental learning of the 

Naïve Bayes classifier is a recursive Bayesian estimation of parameters. Its advantage is that 

information in initial training data is preserved in the form of parameters. During the incremental 

learning process the initial training data can be discarded to conserve memory since the information 

contained in the initial training set has been stored in the form of two key statistic parameters; the 

class prior probability and the conditional probability. Suppose 𝑋𝑋∗ is the new testing dataset and 

𝑋𝑋∗ = [𝐴𝐴1,𝐴𝐴2, . . ,𝐴𝐴𝑛𝑛]∗  ∈ 𝑀𝑀 are the new instances for updating the prior and conditional probabilities, 

then the model for updating the class prior probability is given in (21). 

𝜑𝜑𝑗𝑗 = �
𝜏𝜏

𝜏𝜏+1
𝜑𝜑𝑗𝑗 + 1

1+𝜏𝜏
      𝑤𝑤ℎ𝑒𝑒𝑒𝑒 𝐶𝐶𝑑𝑑 = 𝐶𝐶𝑗𝑗

𝜏𝜏
𝜏𝜏+1

𝜑𝜑𝑗𝑗                       𝑤𝑤ℎ𝑒𝑒𝑛𝑛 𝐶𝐶𝑑𝑑 ≠ 𝐶𝐶𝑗𝑗
                       (17) 

where 𝐶𝐶𝑑𝑑∗ is the class label, 𝜑𝜑𝑗𝑗 = 𝑃𝑃(𝐶𝐶 = 𝐶𝐶𝑗𝑗) is the class prior probability of class label 𝐶𝐶𝑗𝑗, 𝜏𝜏 = 𝑛𝑛 +

𝑚𝑚,  𝑛𝑛 is the number of instances in the initial training set 𝑁𝑁, 𝑚𝑚 is the number of instances in the new 

training dataset 𝑀𝑀.  

The performance of incremental Nave-Bayes models is assessed using specified metrics, 

similar to the traditional Nave-Bayes models. Generality, accuracy, learning rate, classification costs, 

and storage requirements are some of the common metrics. This paper, however, focuses on the 

accuracy evaluation metrics which can be expressed using the precision (𝑃𝑃𝑃𝑃𝑃𝑃), recall (𝑅𝑅𝑅𝑅𝑅𝑅), and F 

measure (𝐹𝐹𝐹𝐹 ) as shown in (22) to (24). The precision of the model is the proportion of the predicted 

security state from the dataset that is correct, the recall is the proportion of the dataset that is correctly 

classified. Occasionally, the precision or recall may not truly represent the properties of a model. 

Consequently, the F-Measure is employed to combine the recall and precision into a single metric 

that effectively captures the performance of the model as given in as given in (21) [295]. 

𝐴𝐴𝐴𝐴𝐴𝐴 (%) = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
(𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇)

                        (18) 

𝑃𝑃𝑃𝑃𝑃𝑃 (%) = 𝑇𝑇𝑇𝑇
(𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇)

                           (19)  

𝑅𝑅𝑅𝑅𝑅𝑅 (%) = 𝑇𝑇𝑇𝑇
(𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇)

                             (20) 

𝐹𝐹𝐹𝐹 (%) = 2𝑃𝑃𝑃𝑃𝑃𝑃 x 𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅

                         (21) 

where TP (true positive) is the number of correct predictions that an instance is relevant, TN is the 

number of correct predictions that an instance is irrelevant, FP (false positive) is the number of 

incorrect predictions that an instance is relevant, FN (false negative) is the number of incorrect 

predictions that an instance is irrelevant. 

5.3.1.2 Implementation for real-time security prediction 
The dimensionality and types of attributes of the dataset determine the feasibility of real-

time applicability. Using the incremental learning technique, highly dimensional large training 
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datasets are reduced into small dataset batches. In this case for power system real network 

application, security predictions are made for a single instance as obtained from field devices such 

as PMU, therefore, the prediction time is diminutive. The situation that may be regarded as a 

challenge is the speed at which the saved incremental classifier can be retrieved from the different 

storage means. 

There are several artificial intelligence application development tools for implementing 

incremental learning approaches. However, only a few tools support online applications. Weka 

software is one of the few tools that provides an online machine learning application development 

environment [292]. In particularly demanding real-world applications like security state prediction 

for the grid operators, the Weka environment can be used to produce real-time predictions. On Weka, 

many classifiers can be trained and implemented using the incremental mode. However, training 

classifiers on large datasetscan be challenging even after reduction into smaller batches, particularly 

using the Weka explorer interface. 

In the Weka explorer interface, due to the visualization and other functionalities, the 

computer’s memory may be overloaded, which may significantly impact the training and prediction 

times. An alternative to the graphical user interface is the Knowledge Flow interface. The knowledge 

flow layout showing the important steps and elements for the proposed set-up is shown in Figure 5.7. 

The knowledge flow interface makes it possible to process large datasets that would have 

significantly impacted the computer’s processing speed. By loading and processing each instance in 

a dataset separately, updateable classifiers may be trained incrementally. After each successful 

training, the serialized model saver saves the most recent model, which is then retrieved by the model 

retriever to make future security state predictions using live data. 

 
Figure 5.7: Knowledge flow layout for proposed security state prediction 

5.3.2 Intelligent security control system 

An intelligent security control ((ISC) system based on load shedding is proposed to ensure 

the security of the grid for predicted insecure states. The ISC system determines the secured load 

level for an insecure state, estimates the required load shed value and determines the best node within 
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the network for load shedding action. The ISC system model is developed from a dataset of proposed 

grid operating points with a new load and simulated response from the offline transient security 

studies. A load shed value for an insecure proposed grid operation point is estimated to ensure grid 

security by constantly monitoring the output of the security prediction model. The proposed ISC 

system is implemented on the physical distribution network through the distributed controls enabled 

by communication devices as shown in the modern grid structure in Figure 5.8. The proposed security 

prediction and ISC model exists on the first layer of the integrated grid structure. Layer 2 comprises 

distributed control systems for different zones of the distribution network. Commands from the ISC 

are implemented to activate the necessary switches in sections of the distribution network on layer 3 

of the integrated transmission and distribution network structure. 

 
Figure 5.8: Structure of the modern integrated power grid 

The development of the model for the ISC is achieved in two stages. In the first stage, the 

estimation of the amount of load shed to ensure the security for the predicted insecure state of the 

network is carried out. To estimate the load shed amount, an additive Gaussian process regression 

algorithm is applied to train the developed dataset.  In the second stage, the optimal node for load 

shedding action is determined using a ranking algorithm based on the network node’s security 

margin. 

5.3.2.1 Gaussian process-based load shed value estimation 

This section describes the proposed algorithm to estimate the amount of load shed required 

to ensure the security of the grid for all predicted insecure states. A new dataset containing the new 

loads' values for every insecure instance from the initial dataset is developed. An additive Gaussian 

process regression (GPR) prediction algorithm is proposed to predict the secured load level for 

insecure predictions from section 3.1. GPR is a nonparametric Bayesian approach with several 

benefits. A few of the benefits include the capability to work well on small datasets and the ability 

to provide uncertainty measurements on the predictions. A GPR is a generalization of the Gaussian 

probability distribution. It is a stochastic process in which a multivariate normal distribution exists 
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for every finite collection of random variables. In other words, a normal distribution is assumed for 

any finite combination of variables.  

Since the proposed load shedding model is described by more than one attribute 

(𝑥𝑥1,𝑥𝑥2, … , 𝑥𝑥𝑁𝑁) with high correlation to each other, the distribution of the attribute can be represented 

by a multivariate Gaussian distribution model defined in (26). 

ℵ(𝑥𝑥|𝜇𝜇,∑) = 1
2𝜋𝜋𝑁𝑁 2⁄ ∑1 2⁄ 𝑒𝑒𝑒𝑒𝑒𝑒 �−

1
2

(𝑥𝑥 − 𝜇𝜇)𝑇𝑇∑−1(𝑥𝑥 − 𝜇𝜇)�                 (22) 

where 𝑁𝑁 is the dimension of the dataset, 𝑥𝑥 is the variable, 𝜇𝜇 is the mean vector, and ∑ is the 𝑁𝑁 × 𝑁𝑁 

covariance matrix. Since it is possible to have a probability distribution function for all possible 

predictions in GPR, the means of the predictions, as well as the prediction variances, can be 

calculated. The multivariate regression prediction can be modeled as given in (27). 

𝑃𝑃(𝑓𝑓|𝑋𝑋) = ℵ (𝑓𝑓|µ,𝐾𝐾)                         (23) 

where 𝑋𝑋 is the vector of attributes denoted by 𝑋𝑋 = [𝑥𝑥1,𝑥𝑥2, … , 𝑥𝑥𝑁𝑁], 𝑓𝑓 = [𝑓𝑓(𝑥𝑥1),𝑓𝑓(𝑥𝑥2), . . ,𝑓𝑓(𝑥𝑥𝑁𝑁)], µ =

[𝜏𝜏(𝑥𝑥1), 𝜏𝜏(𝑥𝑥2), . . , 𝜏𝜏(𝑥𝑥𝑁𝑁)] and 𝐾𝐾𝑖𝑖𝑖𝑖 = 𝑘𝑘(𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗), 𝜏𝜏 represents the mean function and 𝐾𝐾 represents a 

positive kernel function. A kernel function is commonly used in GPR to represent the behavior of 

the dataset. The Pearson Universal Kernel (PUK) function expressed in (28) is chosen due to its 

ability to adapt to various other functions [296]. The conditional densities and posterior for prediction 

are given by (29) and (30), respectively. The GPR performance indices 𝛼𝛼 and 𝛽𝛽 are given in (31) and 

(32). 

𝐾𝐾(𝑎𝑎,𝑎𝑎0) = 1

⎣
⎢
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⎢
⎡

1+

⎝

⎜
⎛

�|𝑎𝑎−𝑎𝑎0|2�2�
1 𝜔𝜔� �−1
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𝜎𝜎

⎠

⎟
⎞

2

⎦
⎥
⎥
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⎥
⎤
𝜔𝜔                       (24) 

 �
𝑝𝑝(𝑥𝑥1) = ℵ(𝑥𝑥1|𝜇𝜇1,∑11)
𝑝𝑝(𝑥𝑥2) = ℵ(𝑥𝑥2|𝜇𝜇2,∑22)
𝑝𝑝(𝑥𝑥3) = ℵ(𝑥𝑥3|𝜇𝜇3,∑33)

�                        (25) 

𝑝𝑝(𝑥𝑥1|𝑥𝑥2) =  ℵ(𝑥𝑥1|𝜇𝜇1|2,∑1|2)                (26) 

𝛼𝛼 = 𝐼𝐼𝐼𝐼𝐼𝐼𝑙𝑙𝑙𝑙 × 𝑇𝑇𝑇𝑇�����⃗                          (27) 

𝛽𝛽 = 𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑣𝑣 × 𝑇𝑇𝑇𝑇�����⃗                          (28) 

where 𝜇𝜇1|2 = 𝜇𝜇1 + ∑∑ (𝑥𝑥2 − 𝜇𝜇2)−1
12 ,  𝑎𝑎0 is the center of the peak of the kernel function, 𝑎𝑎 represents 

an independent variable, 𝜔𝜔 is used to control the Pearson width, 𝜎𝜎 is the tailing factor of the function 

peak, 𝑇𝑇𝑇𝑇�����⃗  is the vector of the target values, 𝐼𝐼𝐼𝐼𝐼𝐼𝑙𝑙𝑙𝑙 and 𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑣𝑣 are the lowest and highest values of the 

inverted covariance matrix, respectively. To optimize the performance of the GPR model, the model 

is implemented using the additive function. An additive GPR is a function that decomposes into a 

sum of low-dimensional functions, each depending on only a subset of the input attributes. If the 
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attribute-class pair is (𝑥𝑥𝑖𝑖, 𝑦𝑦𝑖𝑖) ∈ Rd x R, where 𝑖𝑖 = 1, 2, … ,𝑁𝑁, then the additive non-parametric GPR 

is defined as (33) and (34) [297]. 

𝑦𝑦𝑖𝑖 = 𝐹𝐹(x𝑖𝑖) + 𝜖𝜖𝑖𝑖,    𝜖𝜖𝑖𝑖~𝑁𝑁(0,𝜎𝜎2)                (29) 

𝐹𝐹(x𝑖𝑖) = 𝜑𝜑1𝑓𝑓1(x𝑖𝑖) + 𝜑𝜑2𝑓𝑓2(x𝑖𝑖)+. . . +𝜑𝜑𝑧𝑧𝑓𝑓𝑧𝑧(x𝑖𝑖)              (30) 

where 𝑁𝑁 is the sample dimension, 𝑑𝑑 is the dimensions of 𝑥𝑥𝑖𝑖, 𝐹𝐹 is the sum of the 𝑧𝑧 regression function 

and 𝜑𝜑 is the parameter that prevents 𝐹𝐹 from sample overfitting. 

5.3.2.2 Optimal node selection 
After estimating the load shed value required to ensure the security of the grid, the next step 

is to determine the appropriate node within the grid to apply the intelligent load shedding scheme. 

The proposed optimal node selection algorithm is based on the security margin of individual nodes 

within the network. Security margin is defined as the closeness of a node to insecurity, and is obtained 

from the critical voltage (𝑉𝑉𝑐𝑐𝑐𝑐) and the initial voltage (𝑉𝑉𝑖𝑖𝑖𝑖). The 𝑉𝑉𝑐𝑐𝑐𝑐 is the voltage at the point of 

collapse obtained from the voltage stability assessment for each node while 𝑉𝑉𝑖𝑖𝑖𝑖 is the initial voltage 

at the node. If 𝑁𝑁 is the total nodes in the network, the proposed algorithm for load shedding node 

identification is given below. The critical voltage is adopted in the optimal node selection process 

due to its relationship with the load (𝑃𝑃). With an increase in  𝑃𝑃, the voltage at the load nodes decreases 

and reaches a critical value corresponding to the security limit. Since the impact of the load has been 

considered in the voltage security estimation, there is no need to include 𝑃𝑃 as a separate entity in the 

optimization process. 

Model 1: Load shedding node(s) selection 

1. System initialization 𝑖𝑖 = 1, 2, 3. . .𝑁𝑁.  

2. Read the node load 𝑃𝑃(𝑖𝑖) and required load shed value 𝑃𝑃𝑙𝑙𝑙𝑙. 

3. Evaluate the node’s security margin 𝛼𝛼(𝑖𝑖),  

4. 𝛼𝛼(𝑖𝑖) = �𝑉𝑉𝑖𝑖𝑖𝑖 (𝑖𝑖)− 𝑉𝑉𝑐𝑐𝑐𝑐(𝑖𝑖)
𝑉𝑉𝑐𝑐𝑐𝑐(𝑖𝑖)

� × 100.  

5. Sort 𝛼𝛼(∇) == 𝛼𝛼(𝑖𝑖)( largest → smallest). 

6. Initialize 𝑖𝑖 = 1. 

7. if 𝑃𝑃(𝑖𝑖)[𝛼𝛼(∇)] ≥ 𝑃𝑃𝑙𝑙𝑙𝑙 then. 

8. 𝑖𝑖 is a load shedding node. 

9. else 𝑖𝑖 = 𝑖𝑖 + 1. 

10. until ∑ 𝑃𝑃(𝑖𝑖)𝑛𝑛
𝑖𝑖 ≥ 𝑃𝑃𝑙𝑙𝑙𝑙. 

11. end 

12. return node(s), 𝑖𝑖. 
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5.4 Results and Discussion 

5.4.1 Test Network 

The proposed technique was tested on the IEEE 39 bus test network with ten (10) generators 

and nineteen (19) load buses as shown in Figure 5.9. The synchronous generators are modeled with 

the constant gain exciters and conventional power system stabilizers. Generator G3 is chosen as the 

center of inertia due to its lateral position with the grid. The network is reduced to a single machine 

infinite bus model and modified to include a non-synchronous generator at the lower voltage side. 

The wind turbine system is used to represent the aggregated power generation from renewable 

sources. The network operation parameters considered for the transient security assessment are given 

in Table 5.2. These parameters are also considered as the attributes in the training dataset to obtain 

the security prediction model. A three-phase short circuit fault is applied on one of the lines at 

different distances from the synchronous generation as an impulse to obtain the rotor angle response 

from the transient security assessment. The fault was activated at 1s and cleared at the estimated 

critical clearing time of 0.1s. 

 
Figure 5.9: One-line diagram of the IEEE 39-bus system 

Table 5.2: Parameter for security assessment 
Attributes Value range 

Load (MW) 500 – 2500 

Inertia Constant (s) 0.1 - 3.5 

RES-DG output (MW) 100 - 1000 

Fault distance (%) 10 - 100 
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5.4.2 Attribute extraction and processing 

The transient security studies with 3 phase short circuit fault were performed to obtain 700 

instances of possible system operating points (attributes). The attributes were obtained through 

random number generators considering the minimum and maximum values for each attribute. The 

numbers of secured and insecure instances concerning the output of the renewable energy source 

distributed generation (RES-DG) and load level are shown in Figures 5.10 and 5.11. The penetration 

of RES-DG alone does not contribute to the insecurity of the grid since the grid can be secure under 

high penetration of RES-DG if the system inertia can be maintained at the required level as shown 

in Figure 5.10. Significant insecure conditions are recorded during very low RES-DG penetration 

even at relatively high/maintained inertia. For example, about 60% of instances with inertia constants 

greater than 1.75s which is half of the equivalent inertia of the network are unstable. Also, only 

64.7% of the total instances for the most secure RES-DG output range are above the inertia constant 

of 1.75s.  

The average inertia constants for the secure and insecure states considering the varying RES-

DG output are 2.23s and 1.33s, respectively. Figure 5.11 shows the secure and insecure scenarios of 

the grid focusing on the load level. The result aligns with common knowledge showing a significant 

number of insecure instances as the load is increased. The average inertia constants of the two highest 

insecure loading bands are respectively 42.7% and 56.6% more than the average inertia constants of 

the secure instances of the same loading bands. Figure 5.12 shows the inertia distribution against the 

network’s stability state. The highest and least stability to instability ratios were recorded for inertia 

bands 2.7 – 2.9 and 0.3 – 0.5, respectively. The resulting ratios show that with high inertia levels, the 

network will be more stable than at low inertia values. As shown in Figure 5.13, the system is more 

likely to be secure under scenarios with high inertia constant. Average inertia constant of 2.02s and 

1s is recorded for the secure and insecure states, respectively, considering the possible system loading 

bands. 

 
Figure 5.10: Security scenarios with RES-DG dispatch 
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Figure 5.11: Security scenarios with Load Level 

 
Figure 5.12: Stability state inertia distribution 

 
Figure 5.13: Average inertia constant for RES-DG output. 
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the classifier is programmed to load and update the initial model for each training batch until the best 

performance is obtained.  

Figures 5.14 and 5.15 show the performance indices obtained from normal and continual 

training modes with six batches of 100 instances with a batch size of 5 instances. The NB model is 

trained and tested using 85.7% and 14.3% of the training dataset, respectively. Compared with the 

normally trained model where the changes in the Kappa and RMSE values improve smoothly across 

the batches, the continually trained model experiences an impulsive improvement at the beginning 

of each training batch. Since there is more data for the normally trained model, the accuracy may be 

slightly higher than that of the continually trained mode for the first few batches. However, the 

eventual accuracy of the continuously trained model is usually higher than that of the normally 

trained models.  The final model results from the continual and normal training modes are shown in 

Table 5.3. The confusion matrix which gives the total correctly and incorrectly classified instances 

is shown in Table 5.4. The best performance of the model obtained with the continual mode is 

improved after the first few next training batches until the maximum accuracy is reached. Figure 5.16 

shows the accuracy and k-coefficient of the normal and continual models after each data batch. 

Compared with the normally trained batch modes, the mean accuracy of the models obtained from 

the continual training method is approximately 3.5% improved. Since the continual training methods 

seeks to produce the best results for the new data batch based on the previous model, the consistent 

improvement in the accuracy of the model may be impacted as seen in batch 3 and batch 4. The 

comparison of the proposed Naïve-Bayes incremental algorithm with other available incremental 

algorithms on the knowledge flow interface for real-time training and testing imitation is shown in 

Table 5.5. The selection of the Naïve-Bayes model is based on the evaluated performance indices as 

well as the overall time required for model training and testing. 

 
Figure 5.14: Performance in normal training mode 
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Figure 5.15: Performance in continual training mode 

Table 5.3: Models performance indices 
Training 
method 

Precision K-
Coefficient 

π- 
Coefficient 

Precision 
recall curve 

Root means 
squared error 

Normal 90.7 0.752 0.752 0.942 0.267 

Continual 94.5 0.824 0.826 0.96 0.25 

 

 

  Table 5.4: Model confusion matrix 
 

 

 

 

 

 

 
Figure 5.16: Model batch performance indices 
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Table 5.5: Incremental model comparison 
 

 

The prediction results from the model obtained with the proposed technique using different 

test datasets are shown in Figures 5.17 to 5.20. Considering that the accuracy of the models improves 

as more training batches are introduced, the prediction confidence is also expected to progressively 

increase with the addition of more training datasets. The dip in the confidence of the fifth model in 

Figure 5.17 coincides with the decrease in k-coefficients from 0.76 to 0.73. By grouping the test 

dataset into 10 batches with 10 instances each, Figure 5.18 shows the composition of the 88% 

confidence level obtained for the final model (6th model). The prediction confidence for the secure 

and insecure states lies between 53%-93% and 51%-100%, respectively. The accuracy of the final 

continual model for 10 data samples with different instance sizes using the 95% confidence level is 

presented in Figure5. 19. The obtained mean and standard deviations of 0.96 and 0.006, respectively 

indicate a high prediction accuracy range for future predictions. To emulate an online security 

prediction, Figure 5.20 shows the prediction outcomes and associated precisions for 10 sequential 

grid proposed operating points. A 90% true prediction was obtained with the lowest precision of 0.61 

for a true prediction. 

 
Figure 5.17: Incremental model prediction confidence 
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Figure 5.18: Mean prediction confidence 

 
Figure 5.19: Model mean accuracy 

 

 
Figure 5.20: True security and predicted security 
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classified as follows: low (0.1s-1.1s), medium (1.1s-2.2s) and high (2.3s-3.5s). Likewise, the RES-

DG dispatch is classified as follows: low (100-330 MW), medium (331-660 MW), and high (661-

1000 MW). For the mean load level of 2198 MW, a mean of 480 MW of load shedding is estimated 

to ensure the security of the system under the proposed medium inertia constant and RES-DG 

dispatch. The required average amount of load shed is highest for instances with low inertia constant 

and RES-DG generation.   

Table 5.6: Attribute impact evaluation 
 

 

 

 

 

 
Figure 5.21: Load shedding distribution 

 
Figure 5.22:  Load shedding density considering system inertia 
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Figure 5.23:  Load shedding density considering RES-DG output 
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and RES generations. The proposed security prediction and load shedding models are suitable for 

real-time applications since their average model training times are 1.2s and 3s, respectively. 

Table 5.7: Trained GRP model 
Model Correlation 

coefficient 
RAE (%) α β Av. Target 

Value 

Addictive GRP 0.99 6.5 -0.52 0.41 5.34E-01 

Normal GRP 0.96 22.8 -0.1 0.2 3.19E-01 

 
Table 5.8: Regression-based model comparison 

 

 

 

 

 

 

 

 

 

 
Figure 5.24: True load shed values vs predicted load shed values 
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Figure 5.25: Optimal node selection indices 
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5.5 Conclusions 

The replacement of synchronous generators with renewable energy sources distributed 

generation (RES-DG) reduces the resultant inertia constant of the grid, thereby undermining the 

ability of the grid to remain secure after the occurrence of disturbances. The proliferation of RES-

DG units into the grid results in a time-varying inertia constant which necessitates the prediction of 

the security state for every proposed grid operation. This paper proposed a suitable model for real-

time security prediction and control using machine learning algorithms. The proposed model includes 

an incremental Naïve-Bayes algorithm for dataset classification and future security state prediction. 

The dataset comprised of 700 instances of inertia constant, load level, generation from the renewable 

energy sources, fault distance, and security label as the attributes. The proposed intelligent security 

control technique involves an additive Gaussian process regression to estimate the load shed required 

to ensure the security of predicted insecure outcomes, and a node ranking model to determine the 

optimal node for load shedding. The optimal node selection model is based on the cumulative sum 

of the node loads ranked by the voltage security index.  

The security prediction models are obtained at the end of each batch training. The mean 

accuracy and standard deviation of 0.94 and 0.025, respectively, were obtained from six dataset 

batches of 100 instances per batch. A 90% accurate prediction of the security state of a testing dataset 

with 10 instances was obtained when compared to the true security state. The obtained AGRP model 

for security control was able to predict the load shed values within 50 MW variance for 30 test 

instances. A 100% secure state was achieved using the proposed optimal load shedding node 
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identification. In conclusion, the proposed models can predict and control the security state of the 

emerging power grid under the described varying grid attributes. 

Future research of this paper will focus on considering parallel computation techniques to 

improve the efficiency of the proposed online security prediction model, especially for very large 

power systems. It is also important to see how the Gaussian regression process model can be 

optimized to avoid unnecessary interruption of supply through appropriate hyperparameter selection. 

Although this paper has presented and discussed the possibility of implementing the proposed 

technique in a real power system, the deployment of the proposed model as an executable software 

for system operator utilization after being evaluated for robustness and scalability is a good 

consideration. Lastly, considering that synthetic inertia is a tradable but costly commodity, the 

estimation of the optimal amount of synthetic inertia needed to ensure the stability of every unstable 

grid operation instance is also a significant and relevant future research area. 
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6 Manuscript 5: Optimal flexibility operation 

Preamble 

The growing demand for flexibility support using resources connected to the distribution 

network necessitates ensuring optimal flexibility operations. Optimal flexibility operation would be 

cost-effective and provide the required support to minimize voltage deviations during disturbances. 

Therefore, the operation cost will be according to the flexibility resources required from the 

distribution network. Consequently, Chapter 6 examines the impacts of voltage support units 

connected to the distribution networks using a probabilistic voltage risk index and proposes a bi-

level security-constrained model for the optimal flexibility operation. The first and second 

optimization levels consider economic and technical objectives, respectively. The economic 

objective is to minimize the power loss through network reconfiguration, while the technical 

objective is to maximize the voltage support through flexibility quantity estimation. The 

reconfiguration optimization problem is solved using a fmincon solver, while the flexibility quantity 

estimation is achieved through an improved decision-tree classification model. The proposed method 

reduces the operation cost by reducing the power loss as well as the risk index during flexibility 

operations and optimizing the flexibility quantity needed during disturbances. 
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A bi-level security constrained model for optimal 

flexibility operation 

Ifedayo Oladeji*, Ramon Zamora and Tek-Tjing Lie 

Department of Electrical and Electronic Engineering, Auckland University of Technology, 
Auckland 1010, New Zealand  

Abstract: Aggregated distributed energy resources (DER) units in the distribution networks are 

utilized to support flexibility services in modern grids. To ensure modern grid security, active and 

reactive flexibility operation must not increase the risk index at the transmission-distribution (T-D) 

network boundary and the distribution network nodes. This paper assesses the impact of aggregated 

DER units on the distribution networks and proposes a bilevel optimization approach to mitigate the 

impact on the grid’s security. The bilevel optimization approach involves distribution network 

reconfiguration and flexibility quantity estimation. Many existing flexibility operation models in 

recent literature are developed based on economic objectives and constraints rather than security 

constraints. Also, the existing flexibility operating models do not account for probabilistic scenarios, 

leading to security issues during flexibility operations. The probabilistic risk index and hosting 

capacity are included as security objectives in the reconfiguration problem formulation to minimize 

the total distribution network power loss. A decision tree classification approach is proposed to 

estimate the minimum flexibility MVA to achieve a desired voltage deviation reduction. The 

proposed approach was tested on IEEE 33- and 69-node distribution networks. Under a 100% 

increase in load at specific nodes, the proposed technique achieved a significant improvement of 

16.67% in the voltage deviation of the worst nodes in both the IEEE  33- and 69-node test networks. 

The results show that the proposed bilevel technique optimally reconfigures the network and 

effectively estimates the flexibility support required to ensure the grid’s security during disturbances. 

The proposed model will enhance the interaction between the transmission and distribution network 

operators. 

Keywords: Distributed energy resources, Flexibility, Integrated grid, Network reconfiguration, 
System operators. 
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6.1 Introduction 

6.1.1 Background and motivation 

High penetration of variable energy generation source units into the modern power grid will 

provide technical merits when optimally planned and efficiently operated. A major requirement of 

modern transmission system operators (TSO) is to mitigate security challenges associated with the 
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modern power grid. The grid’s security can be ensured through enhanced interaction between the 

TSOs and the distribution system operators (DSO) [298]. The existing interaction includes 

congestion management and flexibility services. The process of achieving enhanced interaction 

involves the ability to perform quasi-real-time network assessments using varying grid 

measurements. The process also ensures the grid’s security when several ancillary services are 

simultaneously involved under dynamic conditions and constraints. Since the modern grid’s security 

depends on the level of interaction between the TSO and DSO, it is essential to develop approaches 

that integrate local solutions at the transmission-distribution (T-D) network boundaries [299]. 

Flexibility refers to a grid’s ability to manage the unpredictability of demand and supply reliably and 

cost-effectively across all relevant timescales. The operational flexibilities estimate the rate, duration, 

and capacity of the services required to absorb steady and transient disturbances to secure the grid 

operation [300]. Demand-side services, including real-time balance of frequency and voltage 

management previously provided by centralized generators, have been replaced by new market 

structures supported by aggregators. Therefore, the distribution networks hosting the variable energy 

generation source units will have an active role in controlling and managing every market participant 

connected to them. The flexibility operation may include a change in network topology, deployment 

of reserves, and demand-side participation. Flexibility planning and operation problems for modern 

grids are multi-objective problems that require all-inclusive formulation, which may best be solved 

using new computational methods and artificial intelligence techniques [301].  

For enhanced interaction between the transmission and distribution network operators, 

specifically during flexibility services for disturbances, the combinations of considered parameters 

under the prevailing constraints will increase the complexity of the flexibility operation and the 

computational requirements for the employed tools [302]. The operational flexibility estimation 

techniques must be extended beyond the planning horizon to include estimations for operations in 

the short-term ahead under both steady and transient state constraints. Existing flexibility operation 

models are focused on economic considerations to minimize the cost and duration of flexibility 

operations without considering the impact of flexibility operation on the distribution networks. 

Consequently, new flexibility operation techniques should consider approaches combining economic 

and technical considerations with probabilistic security constraints.  

Flexibility services involve properly shaping injected active and reactive power from 

controlled and aggregated power sources connected to the distribution networks. The increasing 

penetration of variable energy generation sources into the grid requires new regulations concerning 

power reserve and flexibility services. With the new regulations, aggregated DER units may 

participate in the voltage support of the grid during disturbances. Aggregated DER units and their 

interactions have to be well coordinated. The aggregated DER units with well-coordinated control 

can significantly improve the grid’s local and area-wide voltage stability [303, 304]. Using 

dispatchable power from aggregated DER units for voltage support services presents a new 

challenge. The challenge is associated with controlling a large, distributed load, the configuration of 
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the distribution network, and the impact of the aggregated DER units’ operations on the distribution 

network. Control of large, distributed loads includes the charging pattern of electric vehicles and 

other power electronics-based loads. The constraints associated with the configuration are due to the 

load distribution, size, and network configuration type. Consequently, the methods for optimal 

operations of the aggregated DER units for optimal voltage support should consider some of these 

constraints [130]. 

6.1.2 Network Configuration and flexibility services 

The configuration of the distribution network influences the voltage response of the network. 

Therefore, developing a specific numerical measure for any configuration is crucial to evaluate it 

against other configurations. In recent research, the number of node connections, total branch 

impedance, and the electrical distance between the node where the disturbance occurs and other 

nodes has been considered to distinguish each configuration [305]. Using the system impedance 

matrix, the impedance as viewed from the disturbance node is given by (1), where 𝑘𝑘 is the network 

node, 𝑍𝑍 is the total impedance, 𝑍𝑍𝑖𝑖𝑖𝑖 is the self-impedance in the node where the disturbance occurs 

and 𝑍𝑍𝑖𝑖𝑖𝑖 refers to the connection impedance between the node where the disturbance occurs and the 

node where the aggregated DER unit is connected. The summation of the impedances creates the 

overall topology measure (𝝀𝝀) given in (2), which indicates the electrical distance between the areas. 

A high value of 𝝀𝝀 implies high impedance. The network configuration largely impacts the system 

voltage angles and magnitudes, which define the subsequent generator pick up and post disturbance 

power flow. A node with a high electrical distance from the rest of the system will experience a larger 

voltage angle than the rest of the network. When subjected to a large and sudden load increase, such 

nodes experience voltage deviations beyond the security limits [306]. A high electrical distance can 

result in a highly localized voltage response. As the magnitude of the voltage deviation continues to 

increase, it is imperative to activate nearby flexibility services to prevent the grid from progressing 

into an insecure state during the disturbance window. 

𝑍𝑍 = ∑ (𝑍𝑍𝑖𝑖𝑖𝑖 + 𝑍𝑍𝑗𝑗𝑗𝑗 + 2𝑍𝑍𝑖𝑖𝑖𝑖)𝑁𝑁−1
𝑗𝑗=1        (1) 

 λ = 𝑍𝑍
𝑘𝑘
          (2) 

The location and magnitude of the generation and load determine the power flow, voltage 

magnitudes, and angles in a network. The voltage stability and response of different networks with 

different penetration levels of variable energy generation source units will differ depending on the 

network generation and load points. The power flow into the area of the disturbance can be used as 

a quantity to indicate the voltage angle differences with respect to the location of the disturbance. It 

is anticipated that the voltage angle differences will increase as the power flow into the disturbance 

area increases. This resultant larger angle difference due to a greater power transfer into the 

disturbance area is expected to have a detrimental impact on voltage stability and lead to larger 

voltage deviations [307]. 
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6.1.3 Distribution Network Voltage Support  

Reconfiguration is an important technique for improving distribution networks’ performance 

under normal and recovery conditions. The increasing penetration of variable energy generation 

source units and variable loads introduce significant variation in the distribution networks’ operation, 

rendering the common reconfiguration objectives inadequate. Improper distribution network 

configuration may lead to increased power losses, bad voltage profile, low power factor, high reverse 

current, and high short circuit current contribution considering the high penetration of variable 

energy generation sources into the distribution network [11]. The hosting capacity and risk index are 

terms associated with the security condition of the modern distribution network with variable energy 

generation sources penetration. The hosting capacity represents the amount of variable energy 

generation sources that can penetrate the distribution network securely. Adequate hosting capacity is 

important for aggregated DER units and energy storage systems in the distribution network to ensure 

the network’s security under varying generation conditions [308]. The risk associated with 

undervoltages and overvoltages at the network nodes due to the impact of the variabilities in the 

power generation from variable energy generation sources units is modeled by the risk index. The 

utilization of the distribution network flexibilities during grid contingencies necessitates the modern 

reconfiguration techniques to be adaptive to achieve effective voltage support. The common 

reconfiguration objectives in the literature are minimizing power loss and enhancing voltage profile 

[309]. However, there is a need to include more security objectives in the reconfiguration problem 

formulation due to the increased penetration of variable energy generation sources into the 

distribution network. Therefore, this paper proposes a network reconfiguration technique that 

maximizes the hosting capacity and minimizes the risk index to achieve an effective voltage response 

support from aggregated DER units during network disturbances.  

6.2 Review of Relevant Literature 

The functioning of the grid at different levels becomes more challenging when the 

responsibilities of managing grid contingencies are transferred to the DSO [299]. Therefore, 

developing new structures and models that enhance the interaction between the TSO and DSO is 

important to ensure secure and reliable grid operation. Many literature on active distribution network 

planning and optimal operations focused on interaction between transmission and distribution 

network operations related to dynamic distribution network reconfiguration have been published. 

The combination of distribution network reconfiguration and optimal placement of DG unit schemes 

as a single problem is discussed in [310].  The literature already contains many methods for 

reconfiguring distribution networks to meet various objectives. The majority of the prior research on 

network reconfiguration may be broken down into three main classifications: heuristics [311-313], 

mixed approaches [314, 315], and evolutionary and knowledge-based strategies [316, 317]. Although 

techniques based on evolution and knowledge may handle more complex goals, they have relatively 
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large computing runtimes and are consequently less suited for online distribution automation. To 

reduce computing runtime without compromising solution quality, hybrid reconfiguration 

approaches are mixed solutions that incorporate evolutionary and heuristic methodologies. They 

nonetheless require more processing power than heuristics, although having runtimes that are often 

shorter than those of evolutionary approaches. It has been demonstrated that heuristic algorithms 

provide great outcomes with noticeably shorter runtimes. Considering loss minimization objectives, 

heuristic algorithms are among the most acceptable algorithms for real-time distribution system 

reconfiguration [311, 318].  

Optimizing a single objective can no longer satisfy the techno-economic requirements of the 

distribution network as operation becomes more complex. Ref. [309] reviews recent literature’s 

common network reconfiguration objectives and optimization techniques. Multi-objective 

optimization techniques are more common compared to single-objective techniques. In numerous 

studies, the objective of minimizing power loss appears alongside other objectives. In addition to the 

reduction of power loss, voltage profile improvement [201], reliability improvement [319],[112], 

service restoration [320], resiliency improvement [321],[322], and operation cost reduction [323] are 

some of the objectives that have been proposed in multi-objective studies. The optimization methods 

used to solve distribution network reconfiguration problems can be broadly categorized into 

classical/conventional and artificial intelligence-based optimization methods. Classical optimization 

methods include linear and non-linear programming and optimal power flow [324]. The artificial 

intelligence method mainly includes fuzzy system, artificial neural network algorithm, genetic 

algorithm, tabu search algorithm, ant colony algorithm, cuckoo search algorithm, and other 

population search-based algorithms [325]. The choice of the algorithm used to solve the generated 

multi-objective problems determines the global and/or local optima and the convergence time, both 

of which are critical in achieving a good reconfiguration scheme. The reconfiguration problem is a 

complex multi-constraint problem. Therefore, metaheuristic optimization approaches are widely 

used due to their ability to achieve convergence with complex and non-linear problems. Although 

literature concludes that metaheuristic approaches perform better for complex problems, 

conventional optimization methods can be used for problems with small networks and problems with 

fewer constraints as shown in [326].  Compared to evolutionary algorithms, swarm intelligence-

based algorithms are more extensively used under the metaheuristic approaches [309]. The extensive 

use of swarm intelligence-based algorithms is due to the emergence of collective swarm behaviour 

to achieve a global optimal despite the environmental constraints of the individual swarm entities 

[327]. Metaheuristic and machine learning optimization methods have demonstrated promising 

results with single and multiobjective problems. However, traditional analytical optimization 

techniques are still effective for distribution network reconfiguration problems with a single 

objective. 

Another important factor determining the performance of reconfiguration algorithms is the 

constraints that bind the solutions. The radiality constraint is an essential constraint since it ensures 
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no mesh exists within the network after reconfiguration. It also ensures no isolated area/zones within 

the network; consequently, no node is left unserved after network reconfiguration [328]. Several 

other constraints have been used to bind the solution of the formulated optimization problems. The 

most common constraints include the node voltage, line thermal capacity, and power imbalance 

constraints which may also be considered under the powerflow constraint. When formulating the 

reconfiguration problem with DG units, the units’ capacities, and power injection constraints must 

be taken into account [309]. Other constraints found in the literature include protection constraints 

[310, 329], switching [320], and reliability constraints [330, 331]. It is worth noting that besides the 

voltage and thermal constraints, which are the common constraints used together, no literature 

applies the voltage, thermal, power quality, and protection constraints in a distribution network 

reconfiguration problem.  

Many literature on active distribution network planning and optimal operations focused on 

interaction between transmission and distribution network operations related to flexibility modeling 

and operations in a distribution network have been published. A linearized model was proposed in 

[332] for the aggregation of active and reactive power at TSO-DSO connection points. The 

interaction between the TSO and DSO regarding optimal flexibility operation has been studied under 

a game theory approach [333]. A method for estimating the quantity of time-varying ancillary 

services of a distribution network to the transmission grid is proposed in [334]. Many papers have 

discussed and proposed methods for estimating the flexibility operating regions under various 

components like market parameters, generation types, and energy storage systems. Ref. [335] 

presents reviews on issues ranging from quantifying flexibilities and modeling flexibility boundaries 

to procurement and management services from the energy components in the distribution network. 

Techniques based on optimal power flow [336, 337] and economical generation dispatch [338, 339] 

are commonly used in literature to estimate the flexibility operating region for different generation 

scenarios. The optimal power flow techniques are straightforward, and their results are reliable under 

stated conditions and operational constraints. The economic dispatch-based models are typically used 

to manage the flexibilities based on demands from the transmission system. A multi-objective genetic 

algorithm optimization approach to minimize the cost and power losses during flexibility operation 

was proposed in [336]. In [59, 340], analytical models based on the active power injection technique 

optimization at the transmission-distribution network boundary were proposed to estimate the 

flexibility ramping for generation, loading, and contingencies scenarios. 

  Considering that variable energy generation sources and energy storage systems are 

becoming more widely implemented, recent literature has presented approaches for maximizing 

distribution system flexibility. The common flexibility supports in literature are the voltage and 

frequency support from the DG [123], [341]. Ref. [44] proposed a weighted analytical hierarchy 

process for the operation of vehicle to grid (V2G) systems to achieve optimal flexibility services. A 

non-linear optimization technique for power loss and hosting capacity optimization is proposed in 

[111] to achieve effective load shifting within the distribution network. A network reduction 
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technique for microgrids was also proposed in [342] to enhance the frequency response of the grid. 

A technique based on adapted optimal power flow (AOPF) was proposed in [343] to achieve flexible 

interaction at the transmission and distribution network interface. With the AOPF technique, the 

operating area at the interface can be roughly modeled in real time, considering the system operator’s 

constraints. 
The review shows that the impact of voltage support units connected to the distribution 

networks has not been investigated.  Furthermore, many of the techniques focus only on economic 

considerations to minimize the cost of flexibility operation. Likewise, there are no security 

constraints in the optimization problem formulation to mitigate the negative impact on the grid’s 

security during flexibility activation. The existing models focus on the distribution networks and do 

not consider interaction between the transmission and distribution network operators. 

6.3 Contribution and Organisation 

This research aims to study the impact of voltage support unit operation on the distribution 

network during flexibility operation and to propose a method to mitigate such impact to achieve 

optimal voltage support. A voltage risk index is proposed to assess the impact of aggregated DER 

unit operation of the network. The probabilistic risk index is the probability that the voltage at the 

aggregated DER units’ connection points as well as the neighbouring nodes, will exist outside the 

security limits. A bi-level model consisting of network reconfiguration and flexibility value 

estimation is proposed to achieve optimal voltage support.   The probabilistic risk index is included 

as a constraint alongside the hosting capacity for the distribution network reconfiguration problem 

formulation. The hosting capacity encapsulates four security constraints: voltage, thermal, power 

quality, and protection. An improved decision tree classification technique is developed to estimate 

the active power from aggregated DER units to minimize voltage deviations during disturbances. 

The proposed classification technique consists of attributes obtained from the interaction between 

the transmission and distribution system operators (TSOs and DSOs). Therefore, the proposed bi-

level optimal flexibility operation technique will be suitable for enhanced interaction between the 

transmission and distribution network operators. The review shows the need for more research to 

include probabilistic and security constraints in the reconfiguration problem formulation for optimal 

flexibility support from the distribution network. Also, there is a need to enhance the interaction 

between the transmission and distribution network operators for effective voltage support from 

aggregated DER units. Based on the above explanations, the contributions of this paper can be 

summarized as follows: 

1. developing a bi-level analytical and machine learning-based approach for optimal time-

ahead flexibility operation 

2. proposing a probabilistic risk index to examining the impact of aggregated DER units 

operation on the distribution network, 
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3. including the probabilistic risk index and the hosting capacity as variables for optimal 

network reconfiguration and 

4. proposing an improved decision tree classification-based model to estimate optimal 

flexibility value from aggregated DER units for optimal voltage support. 

The rest of this paper is organized as follows. Section 6.2 discusses modern distribution 

network operations, focusing on the interaction between the transmission and distribution networks 

and flexibility for voltage management. The proposed approach for optimal flexibility operation is 

presented in Section 6.3. The results of testing the proposed approach on IEEE 33 and 69 node 

networks are presented and discussed in Section 6.4. Lastly, the conclusions of this research are 

presented in Section 6.5. 

6.4 Modern Distribution Network Operation 

6.4.1 Power system flexibility 

The interaction between the transmission and distribution networks for optimal flexibility 

operation is critical to ensuring the security of the modern grid. Several control techniques have been 

proposed to achieve optimal interaction considering available technologies and emerging markets 

[344]. The distributed control technique is feasible and most applicable for systems with high 

penetration of distributed generation (DG) and electric vehicles (EVs). Aggregated DER units for 

demand-side participation in real-time active and reactive power balancing corresponding to 

frequency and voltage control from distributed systems have been explored as a solution to local and 

grid-wide voltage control during disturbances. The solution will involve real-time voltage trackers 

at the TSO/DSO boundary. In addition, DER units can be employed to provide frequency and voltage 

support for load peak shaving, valley filling, and shifting.   

The concern, however, is how to ensure the grid’s security during flexibility exchange from 

the DER units in the distressed transmission network regions. The flexibility operating region for the 

active and reactive power transfer from the distribution network under security constraints is one of 

the proposed approaches to ensure the grid’s security during flexibility operations [11]. Figure 6.1 

illustrates the interaction between the TSO and DSO for optimal flexibility operation in the modern 

grid. The interaction is established through coordinated real-time data exchange at the phasor 

measurement unit (PMU) hub. The flexibility operating region is subsequently established using 

appropriate optimization techniques considering required constraints at the T-D network boundary. 

The DER units within the distribution network are aggregated and dispatched following successful 

negotiations. The aggregator uses real-time synchronized data to achieve flexibility activation from 

the VPPs at the optimal cost.  
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Figure 6.1: Interaction illustration between the TSO and DSO 

Aggregated distributed energy resources (DERs) units operate similarly to conventional 

power plants when participating in the energy market as a unit [272]. A major component of the 

aggregated DER units is an efficient energy management system that can schedule and control the 

individual power generation sources in the aggregated units. Depending on the need of the grid for 

voltage regulation, DER unit proprietors may act as load or generators accordingly. Efficient 

operation of the aggregated DER units can minimize reliance on fossil fuels generation units, reduce 

the cost of voltage control and significantly reduce carbon emissions caused by power generation. 

Aggregating DER units also reduces the impact of unstable output from individual DER units on the 

grid. A major drawback of aggregated DER units is that the units are installed at different locations 

within the distribution network. Also, the interaction between the transmission and distribution 

network operator for efficient control of aggregated DER units during flexibility operation requires 

complex algorithms [345].  

Assuming a balanced distribution network, the operational constraints of aggregated DER 

units are formulated as shown in (3) to (5). The active and reactive power injection into the network 

branches is given in (3) and (4), where 𝐵𝐵 is the vector of possible active and reactive dispatch from 

the aggregated DER units. The security with respect to the distribution network branch (𝑖𝑖, 𝑗𝑗) where 

the aggregated DER units are connected is constrained by (5). The active and reactive power balance 

at each node is constrained by (6). The voltage magnitude limit at each network node during DER 

unit operation is enforced by the inequality constraint in (7). The aggregated DER units operating 

limits are represented by (8), where 𝑅𝑅 is the set of active and reactive power that can be activated 

securely by the distribution network operators. 
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𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷
𝑓𝑓(𝑖𝑖,𝑗𝑗) = 𝐹𝐹𝑖𝑖,𝑗𝑗(𝑣𝑣,𝜃𝜃)          ∀𝑖𝑖𝑖𝑖  ∈ 𝐵𝐵       (3)  

𝑄𝑄𝑉𝑉𝑉𝑉𝑉𝑉
𝑓𝑓(𝑖𝑖,𝑗𝑗) = 𝐹𝐹𝑖𝑖,𝑗𝑗(𝑣𝑣,𝜃𝜃)          ∀𝑖𝑖𝑖𝑖 ∈ 𝐵𝐵           (4) 

𝑃𝑃𝑉𝑉𝑉𝑉𝑉𝑉
𝑓𝑓 (𝑖𝑖,𝑗𝑗) + 𝑄𝑄𝑉𝑉𝑉𝑉𝑉𝑉

𝑓𝑓(𝑖𝑖,𝑗𝑗) ≤ 𝑆𝑆𝑉𝑉𝑉𝑉𝑉𝑉
𝑖𝑖,𝑗𝑗  ∀𝑖𝑖𝑖𝑖 ∈ 𝐵𝐵          (5) 

𝑃𝑃𝑔𝑔𝑖𝑖 − 𝑃𝑃𝑑𝑑𝑖𝑖 = ∑𝑃𝑃𝑡𝑡
𝑖𝑖,𝑗𝑗 , 𝑄𝑄𝑔𝑔𝑖𝑖 − 𝑄𝑄𝑑𝑑𝑖𝑖 = ∑𝑄𝑄𝑡𝑡

𝑖𝑖,𝑗𝑗                 ∀∈ 𝑁𝑁           (6) 

𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 ≤ 𝑉𝑉𝑖𝑖 ≤ 𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚
𝑖𝑖                                                  ∀∈ 𝑁𝑁          (7) 

(𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷 ,𝑄𝑄𝐷𝐷𝐷𝐷𝐷𝐷) ∈ 𝑅𝑅                                                 ∀∈ 𝑁𝑁           (8) 

6.4.2 Flexibility categories and implementation 

The increased penetration of variable energy generation source units into the distribution 

network will increase the responsibilities of the network operators, from ensuring the secured 

network operation to managing flexibility services. Excess power generation, overvoltage, and 

reverse power flow are some challenges to consider during network planning and operation. Energy 

storage systems and power flow redirection effectively mitigate the challenges. While energy storage 

systems can only store a limited amount of power, power flow redirection achieved by network 

reconfiguration can transfer the excess power to areas at lesser losses and without violating security 

constraints. One of the objectives of the grid operators is to maximize the flexibilities of the modern 

distribution network to enhance the performance of the grid. Integrating tie-lines for possible network 

reconfiguration in responding to changes in generation and load within the distribution network is 

one way to achieve this objective. Also, in the event of planned or unplanned outages, tie-lines are 

employed to ensure network reliability and resilience [346]. Conclusively, the use of network 

reconfiguration in the modern distribution network is associated with the distribution network’s 

flexibility services. Figure 6.2 shows examples of flexibilities categories and implementation 

technologies. The flexibility categories and technologies can be implemented at all levels of the 

network, from local to system-wide implementation. However, due to specific device characteristics, 

some technologies are more suitable for specific categories and implementation levels. As flexibility 

is measured in quantity and time, optimization is thereby necessary to achieve the best flexibility 

operation. The optimal flexibility operation is not completed without considering the electrical 

distance from the implementation technologies to the area/zone of interest. Since the implementation 

technologies are pre-installed within the distribution networks, dynamic distribution network 

reconfiguration can be used to minimize the electrical distance between the flexibility source and the 

disturbed area/zone within the network. 
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Figure 6.2: Flexibility categories and implementation 

 

Utilizing the substantial potential of variable energy generation sources to provide regulation 

power and voltage control supports is essential for a secured and reliable power grid with high 

penetration of variable energy generation sources. Recent studies have demonstrated the capability 

of these variable energy generation sources of modern grids to contribute to the grid’s localized and 

area-wide voltage control. Modern operators are revising their grid codes to create more effective 

voltage controllers for control support from variable energy generation sources [127]. Modern power 

grid management and control face major challenges, including planning the necessary power reserve 

in light of the rapidly increasing variable energy generation sources and their effects on power grid 

performance. A suitable approach can be seen in the contribution of variable energy generation 

sources to the provision of a regulated power reserve. Currently, in some cases, the design and 

functionalities of variable energy generation sources are comparable to conventional SGs [127]. For 

example, the time required for a conventional generating unit to ramp up power generation to the 

desired level is significantly larger than the time required by the variable energy generation sources. 

The variable generation resources can therefore be configured to perform grid regulation tasks as 

traditional generators. The variable generation resources can receive the desired voltage set-points 

and other required operation/control commands from the distribution network operators to produce 

the required voltage regulation support. These commands are distributed between the aggregator to 

determine the contribution amount for each participant aggregated DER units in the grid voltage 

regulation. The required amount of active and reactive power from the aggregated DER units will be 

determined through the hosting capacity of the distribution network. 

Power system flexibility planning and operation is a complex optimization problem that involves 

various components for implementation through embedded algorithms [302]. The planning and 

operation process of flexibility in modern distribution networks can be modeled in three steps, as 
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depicted in Figure 6.3. The evaluation of the impact of flexibility operation in the individual network 

is important in the flexibility planning stage in step one. An estimation of the level of flexibility 

reserve and security constraints is necessary to plan the flexibility operation of the power system 

appropriately and to identify both immediate and probabilistic future demands. Step two emphasizes 

the need to invest in sources of different types of flexibility that may be required if the flexibility 

security requirements of the grid in step one are not met. The flexibility sources are preferred based 

on factors such as cost-effectiveness, gestation period, and location. The modeling and estimation of 

the safe flexibility operating region with respect to the flexibility exchange between area/zones and 

the transmission/distribution boundary in the network is also important for secured grid operation. 

The final step involves optimizing the flexibility generation considering parameters like location, 

generation mix, and generation capacities. The final step in the optimal flexibility operation model 

is flexibility quantity estimation and prediction. The ability to predict the exact quantity needed to 

support the grid for anticipated disturbances will reduce the cost of flexibility operations. 

 

Figure 6.3: Operation model for optimal power and voltage flexibility 

 

6.5 Proposed Approach 

The reconfiguration of the distribution network considering the operations of variable energy 

generation sources is a probabilistic planning and operation problem that must account for 

uncertainties. Possible contingencies and variations in the output of the variable energy generation 

sources units and node loads are among the uncertainties that must be considered for modern 

distribution network reconfiguration. The variations in the node load are modeled using probability 

distribution functions. However, given that the distribution network’s topology remains constant 

before and after implementing reconfiguration schemes, both deterministic and stochastic variables 

can be considered in the reconfiguration problem formulation. This paper, therefore, seeks to propose 

a technique to mitigate the impact of voltage support unit operations such as aggregated DER units 

on the distribution network through network reconfiguration and flexibility quantity estimation.  
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The bilevel process of the proposed technique in this paper is shown in Figure 6.4. The first 

stage involves economic consideration, achieved through reconfiguration problem modeling. The 

objective is to minimize the cost of flexibility operations through reduced net power loss after 

network reconfiguration. The variables and the constraints considered are the probabilistic risk index 

and the network hosting capacity. The developed multi-variable optimization problem is solved using 

the constrained fmincon optimizer. The fmincon optimizer starts from an initial estimate and finds a 

constrained minimum of a scalar function of several variables. The fmincon optimizer supports linear 

and non-linear constraints while performing non-linear constrained optimization. The solver 

configuration includes settings for convergence criteria, maximum iterations, and the calculation of 

gradients. The second stage involves technical considerations, estimating the flexibility required to 

achieve specific voltage support during disturbances. The machine learning classification technique 

is applied to the developed dataset from several Quasi-dynamic state simulations with specific 

attributes.  

 
Figure 6.4: Overall framework of the proposed bilevel optimization approach 

6.5.1 Network reconfiguration problem formulation 

Radial distribution network reconfiguration is a practical method for enhancing distribution 

network performance. Changes in configurations can be made to ensure load supply, power loss 

reduction, system security improvement, and power quality enhancement. Additionally, the 

reconfiguration lessens the network components’ overload. Switching operations for reconfiguration 

action can be either manual or automatic. The reconfiguration also relieves the overloading of the 
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network components [318]. The goal of distribution network reconfiguration is to reduce net power 

loss (𝑃𝑃𝑃𝑃) while considering the distribution network’s suggested deterministic and probabilistic 

factors. To achieve this goal, the network’s switches’ states must be changed while adhering to 

equality and inequality requirements. The distribution network reconfiguration problem is 

formulated as (9) subject to the power flow (𝑃𝑃𝑃𝑃), probabilistic risk index (𝑥𝑥),hosting capacity (𝑦𝑦), 

and radiality constraints in (10) to (14). 

min𝑃𝑃𝑃𝑃 = 𝑓𝑓(𝑥𝑥,𝑦𝑦)                (9) 

𝑃𝑃𝑃𝑃�𝑃𝑃𝑗𝑗,𝑄𝑄𝑗𝑗,𝑉𝑉𝑖𝑖,𝜃𝜃𝑖𝑖� = 0             (10) 

Subject to:  

𝑥𝑥1 ≤ 𝑥𝑥 ≥ 𝑥𝑥2               (11) 

𝑦𝑦 ≥ 𝑦𝑦1          (12) 

𝑃𝑃𝑃𝑃 = ∑ . 𝐼𝐼2(𝑗𝑗)𝑅𝑅(𝑗𝑗)𝑚𝑚
𝑗𝑗=1               (13) 

𝑚𝑚 = 𝑛𝑛 − 1              (14) 

where 𝑛𝑛 is the number of nodes, 𝑚𝑚 is the number of branches, 𝐼𝐼 is the current, 𝑅𝑅 is the resistance of 

the line, and 𝑄𝑄𝑗𝑗 are the active and reactive power flow on the branch 𝑗𝑗, respectively. 

6.5.1.1 Hosting Capacity 

IEEE 1547.1 standard must be followed in designing and managing a distribution network 

using variable generation resources. This standard provides crucial variable generation resource 

penetration conditions for safe network operations. The hosting capacity (HC) is an index that 

determines how much power generated by variable generation resource units can reach the 

distribution network while maintaining the grid’s security within acceptable parameters, given the 

limits and limitations of the current network setup. After a change in network configuration via 

reconfiguration, enlargement, and reinforcement, the network’s new hosting capacity must be 

established. With the ability to estimate hosting capacity, distribution operators now have a new 

security-based index to measure how variable generation resources have affected the functioning of 

the distribution network and the grid as a whole. Hosting capacity values may be assigned to network 

nodes while considering nodal restrictions. It is possible to obtain the hosting capacity values for 

each node and for the entire distribution network. The nodal hosting capacity is preferable and 

common in the literature because it is a function of the distance between the network substation and 

each distribution network node. The nodal hosting capacity is expressed as the ratio of the total power 

generation from the variable generation resources units (𝑆𝑆𝑣𝑣𝑣𝑣) to the total load (𝑆𝑆𝑙𝑙𝑙𝑙) connected to the 

node. Constraints selection, definition, hosting capacity estimation, and verification of security limit 

violations are the major steps in establishing a network’s hosting capacity. If 𝑖𝑖 and 𝑗𝑗 represent the 

node and branches, respectively, then the current (𝐼𝐼) which represents thermal, voltage (𝑉𝑉), voltage 
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harmonics (𝑉𝑉𝑡𝑡ℎ𝑑𝑑) and fault current (𝐼𝐼𝑓𝑓) constraints used to evaluate the distribution network nodal 

hosting capacities in this paper are defined in (15) to (18). 

𝐼𝐼𝑖𝑖 ≤ 𝐼𝐼𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚                (15) 

𝑉𝑉𝑗𝑗,𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑉𝑉𝑗𝑗 ≤ 𝑉𝑉𝑗𝑗,𝑚𝑚𝑚𝑚𝑚𝑚                  (16) 

𝑉𝑉𝑡𝑡ℎ𝑑𝑑,𝑖𝑖 ≤ 𝑉𝑉𝑡𝑡ℎ𝑑𝑑,𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚                    (17) 

𝐼𝐼𝑓𝑓,𝑖𝑖 ≤ 𝐼𝐼𝑓𝑓,𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚,                      (18) 

6.5.1.2 Distribution Network Probabilistic Risk Assessment 
This study models the network nodes’ probabilistic risk index before and after changes in 

the network configuration using the risk related to node voltage. The probabilistic risk index 

measures the likelihood that the voltage at the distribution network nodes will exceed predetermined 

security thresholds. The nodal probabilistic risk index (𝑃𝑃𝑃𝑃𝑃𝑃) can be estimated using (19), where the 

voltage probability (𝑃𝑃𝑣𝑣) and the severity (𝐴𝐴) can be derived using (20) and (21), respectively. Using 

the Monte-Carlo simulation-based probabilistic load flow (MCSPLF) approach, the overvoltage or 

undervoltage probabilities are determined. The probability distribution function used to simulate 

changes in the loads and power generation under the assumption of a constant power factor is shown 

in (22). 

𝑅𝑅𝑅𝑅(𝑖𝑖) = 𝑃𝑃𝑣𝑣(𝑖𝑖) ∗ 𝐴𝐴(𝑖𝑖)                               (19) 

𝑃𝑃𝑣𝑣(𝑖𝑖) = lim
𝑁𝑁→∞

(𝑛𝑛1)
𝑁𝑁

+ lim
𝑁𝑁→∞

(𝑛𝑛2)
𝑁𝑁

              (20) 

𝐴𝐴(𝑖𝑖) = �1 − 𝑉𝑉(𝑖𝑖)�                           (21) 

𝑓𝑓(𝑃𝑃𝑠𝑠,𝑄𝑄𝑠𝑠:𝑃𝑃𝑙𝑙 ,𝑄𝑄𝑙𝑙) = 1
�2𝜋𝜋𝜋𝜋(𝑃𝑃,𝑄𝑄)

𝑒𝑒𝑒𝑒𝑒𝑒 �− ((𝑃𝑃,𝑄𝑄)−𝜇𝜇(𝑃𝑃,𝑄𝑄))2

2𝜎𝜎𝑃𝑃,𝑄𝑄
2 �          (22) 

where 𝑁𝑁 is the number of simulations, 𝑉𝑉 is the average voltage for  𝑁𝑁 sample of instances, 𝑛𝑛1 is the 

total number of 𝑉𝑉 lesser than 0.95 pu, 𝑛𝑛2 is the total number of 𝑉𝑉 greater than 1.05 pu, 𝑃𝑃𝑠𝑠 is the active 

power supply, 𝑄𝑄𝑠𝑠 is the reactive power supply, 𝑃𝑃𝑙𝑙 is the active load, 𝑄𝑄𝑙𝑙 is the reactive load, while 𝜇𝜇 

and 𝜎𝜎 are the expected mean value and standard deviations, respectively. 

6.5.2 A Random tree classification algorithm 

A random tree is constructed randomly from a set of possible trees with 𝐾𝐾 random features 

at each node. Each tree is assigned an equal sampling probability in the set of trees. Random trees 

(RT) provide simple human-readable rules and are effective for classification optimization problems. 

The model of the RT is from the physical tree structure consisting of roots, nodes, and branches. An 

RT is constructed from nodes and edges that are arranged in a hierarchical pattern [347]. The RT 

node represents specific characteristics and attributes of the dataset, while the branches represent the 



152 

values of the attributes. The attribute’s range of values impacts the attributes’ partitioning points. To 

create the RT structure, a data instance is classified based on predefined conditions and 

characteristics that best divide the dataset. The classification progresses from top to bottom, and the 

dataset instances are split according to the values of the attributes until a terminal node representing 

the objective is obtained. The classification process is applied to each split subset of the dataset 

recursively. The process terminates when all the dataset instances in a current subset belong to the 

same class. The RT algorithm was adopted in this paper because of its flexibility, capability to handle 

numerical and categorical data, and excellent performance with small and large datasets. Random 

trees can be generated efficiently, and combining large sets of random trees generally leads to 

accurate models [348]. The generic structure of an RT is shown in Figure 6.5. The three major steps 

to developing an RT classification model are attribute selection for the root node, splitting instances 

into subsets, and recursive repetition for each RT node. 

 
Figure 6.5: Decision tree model 

The Gini index measures the integrity of the attributes on which the splitting action is 

performed. Since the Gini index measures the impurity of the dataset, the dataset attributes with the 

highest Gini index are chosen as the best split for that node [301]. The Gini index can be calculated 

using (23). 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑛𝑛) = 1
2
− [1 − ∑ 𝑝𝑝(𝜔𝜔𝑖𝑖)2𝑖𝑖 ]       (23) 

where 𝑝𝑝(𝜔𝜔𝑖𝑖) is the relative frequency of class 𝜔𝜔𝑖𝑖 at node n. The impurity in the attribute is zero if 

the samples are in the same group; otherwise, (23) returns a positive value. The classification 

outcome is impacted by the predictive power of the developed dataset. The predictive power can be 

estimated using the entropy-based information gain model. The entropy-based information gain is a 

feature selection method used to calculate the loss in entropy, representing the impurity level in a 

given dataset [313]. The information of the attributes with an information gain value higher than the 

average represents the predictive power of the dataset. For example, given a dataset 𝑁𝑁 containing 

instances with each of 𝑘𝑘 outcomes, the entropy of 𝑁𝑁 is given in (24), where 𝑝𝑝(𝐼𝐼) is a portion of 𝑁𝑁 
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belonging to class 𝐼𝐼. If the value of the entropy is 𝑘𝑘, then all instances of 𝑁𝑁 belong to the same class. 

For an attribute 𝑥𝑥 of sample set 𝑁𝑁, the information gain 𝐺𝐺 (𝑁𝑁,𝑥𝑥) is defined as (25). 

𝐸𝐸(𝑁𝑁) = −∑ 𝑝𝑝(𝐼𝐼) log2 𝑝𝑝(𝐼𝐼)𝐼𝐼∈𝑘𝑘        (24) 

𝐺𝐺((𝑁𝑁, 𝑥𝑥) = 𝐸𝐸(𝑁𝑁) − ∑ ��𝑁𝑁𝑗𝑗�
𝑁𝑁
�𝑗𝑗∈𝑥𝑥        (25) 

6.6 Results and Discussion 

6.6.1 IEEE 33 node Distribution network 

6.6.1.1 Base network result 
This section presents the results of testing the proposed technique on the IEEE 33-nodes 

distribution network. The test distribution network with the identified loops generated from the tie 

lines (T) and section line switches (S) is shown in Figure 6.6. The loops are obtained by closing the 

normally open switch T. The substation represents the interface between the transmission and the 

distribution networks. The normal load flow result shows that 18 nodes out of 33 nodes are outside 

the security limit. Also, under probabilistic load flow analysis, 72% of the node exist out of the 

security limit with the mean voltage and standard deviation of 0.89 and 0.009, respectively. The total 

normal state power loss is 212.4 kW, with nodes 1 to 6 accounting for about 68.6% of the total loss.  

Figure 6.7 shows the probabilistic risk index (𝑃𝑃𝑃𝑃𝑃𝑃) of the IEEE 33-node network when the 

aggregated DER unit is connected to branch 1. The 𝑃𝑃𝑃𝑃𝑃𝑃 is proportional to the total branch load and 

the distance of the connecting node from the substation. The values of the 𝑃𝑃𝑃𝑃𝑃𝑃 for the base network 

are considerably high due to constant variations of loads on the branches. The connection and 

operation of aggregated DER units will understandably increase the 𝑃𝑃𝑃𝑃𝑃𝑃 value due to variations in 

the output levels of the generations. At certain periods of the day, undervoltages and overvoltages 

may be experienced around the nodes with connected DER units due to undergeneration and 

overgeneration of power, respectively. Branch 4 has the highest branch contribution to the network 

average risk index, at 9.24%, accounting for 42% of the network’s 𝑃𝑃𝑃𝑃𝑃𝑃.  

The technique proposed in this paper will enable distribution network operators and 

aggregators to securely operate aggregated DER units, thereby promoting more penetration of DER 

units in the distribution network. Branches 4 and 2 have the highest and lowest average hosting 

capacities of 5.56 MVA and 0.57 MVA, respectively. Figure 6.8 shows the probabilistic line loading 

of the network with and without the operation of aggregated DER unit on the first node of the network 

branches. In consistency with the advantage of the DER’s optimal operation, the network’s line 

loading under probabilistic loading is considerably reduced for each branch. The branch loading and 

the distance of the branch from the substation impact the percentage line loading reduction obtainable 

under constant network parameters. The highest reduction of 55.1% was obtained from branch 4. 

The probabilistic power loss reduction obtained for branch one is inconsiderable due to the number 
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of load points connected and the size of the load connected. The power loss reduction of 140 MVA 

was obtained after connecting the aggregated DER unit on the first nodes on branches 2 and 3, shown 

in Figure 6.9. The best hosting capacity conservation of 90.7% was obtained when the aggregated 

DER unit was connected to branch 4. An average percentage reduction of 39.42% in the hosting 

capacity was recorded after connecting the DER unit to the distribution network. 

Figure 6.6: Initial networks showing the loops

 

Figure 6.7: Network hosting capacity and risk index 
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Figure 6.8: Probabilistic line loading with and without aggregated DERs 

 
Figure 6.9: Percentage power loss reduction with DER units operations 

6.6.1.2 Optimization results 
This section presents the solution to the distribution network reconfiguration optimization 

problem.  The fitness functions in this paper are developed to achieve a configuration that minimizes 

the network power loss considering the risk index and hosting capacity variables presented in section 

III. The opening operations of the section (S) and the tie (T) switches for the loop under consideration 

achieve the desired configuration. Also, the fitness functions are derived such that there is no mesh 

network within the distribution network, thereby ensuring the radiality constraint of distribution 

network reconfiguration. The radiality constraint ensures that no node is left unserved after network 

reconfiguration. The fitness functions are developed for each loop within the distribution network. 

Figure 6.10 shows the global optimal values after 20 iterations for the loops obtained using the 

fmincon optimization algorithm. The lowest and highest standard deviations of 0.032 and 0.0779 

from the optimal values were obtained from loop 1 after 20 iterations. The 𝑥𝑥 and 𝑦𝑦 values 

corresponding to the 𝑃𝑃𝑃𝑃𝑃𝑃 and the hosting capacity values for the optimal power loss values for each 

loop are shown in Table 6.1. The section line switch to achieve the required reconfiguration is 

indicated in Table 6.1. 
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Figure 6.10: Loop optimization objective values 

 

Table 6.1: Optimal solutions for reconfiguration 

Loop 𝑃𝑃𝑃𝑃𝑃𝑃 𝐻𝐻𝐻𝐻 Section line switch 
(S) 

1 8.95 2.32 S29 

2 8.56 2.16 S11 

3 10.76 2.3 S12 

4 7.22 2.28 S6 

5 6.64 2.32 S8 
 

6.6.1.3 Reconfigured network results 
The reconfigured network models and the optimization variables’ results are presented in 

this section. Figure 6.11 shows the reconfigured networks for each loop. The highest probabilistic 

risk index reduction is obtained from the reconfigured network for loop 1, as shown in Figure 6.12. 

The average network PRI was reduced by 41.8%, with the highest reduction of 94.6% from loop 4. 

The maximum and average hosting capacity was increased by 62.5% and 13.36% for loop 1 network 

reconfiguration. Figures 6.13 and 6.14 show the power loss and line loading reduction of the network 

with aggregated DER unit operation before and after network reconfiguration. Considerable 

reductions of 25% and 22% were achieved for the power loss and line loading, respectively, by 

connecting the aggregated DER units to branch 1 on node 23 of the reconfigured network considering 

loop 1.  
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Figure 6.11: Reconfigured network for each loop 

 

 
Figure 6.12: Probabilistic risk index of branch with aggregated DERs 

 

 
Figure 6.13: Power loss change with DER units’ operations 
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Figure 6.14: Probabilistic line loading with DER units 

Figure 6.16 shows the voltage response of the reconfigured networks under the step load 

changes in the load profile shown in Figure 6.15 with and without the operation of the aggregated 

DER units. The operation of the aggregated DER unit is implemented through the dispatch and 

switch events. The sudden increase in load is activated on the node with the highest load on the 

branch at 4.00 pm. The flexibility from the aggregated DER unit is also activated on the first node 

on the branch and activated at 4.00 pm and deactivated through the switch event at 6.00 pm. The 

minimum voltage obtained from branch 3 due to the 100% load increase from the average network 

load was improved by 5.05%. More voltage deviation reductions are obtained through the minimum 

generation of 3 MW and power factor of 0.85 from the aggregated DER units. 

 Figure 6.17 shows the improvement in the voltage deviations obtained in loop 1 for branches 

2, 3, and 4. The highest improvements of 8.99% and 5.87% were obtained when the aggregated DER 

unit was connected to branches 4 and 3, respectively. The minimum voltage is greater for low 

impedance branches and large load change events. Figure 6.18 shows the voltage deviation 

improvements for the loops and branches of the network load changes. The voltage deviation 

improvements are greater for branches with lower impedance values. Branch 1 presents a uniform 

average improvement of 3.8% in the minimum voltage during the load change event across the 

network loops. Reconfigured network with loop 3 generates the highest minimum voltage 

improvement with DER unit operation. 

 
Figure 6.15: Load change event profile 
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Figure 6.16: Voltage support from the DER units on Branch 1 from loop 1 

 
Figure 6.17: Voltage support from DER units for branches 2, 3 and 4 

 
Figure 6.18: Percentage improvement from DER units for each loop and branch 

6.6.2 IEEE 69 node distribution network 

6.6.2.1 Base network results 
This section presents the results of testing the proposed technique on the IEEE 69 nodes 

distribution network. The test distribution network with the identified loops generated from the tie 

lines (T) and section line switches (S) is shown in Figure 6.19. The normal load flow result shows 

47 out of 69 nodes are outside the security limit. Also, under probabilistic load flow analysis, 80% 

of the node exist out of the security limit with the mean voltage and standard deviation of 0.88 and 

0.0163, respectively. The normal state power loss is 210.8 kW, with branch 6 accounting for about 
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56.17%.  Figure 6.20 shows the probabilistic risk index of the IEEE 69 node network. The values of 

the PRI for the base network are considerably high due to constant variations of loads on the 

branches. Like the IEEE 33-node test network, the connection and operation of aggregated DER units 

predictably increase the PRI value due to variations in the output levels of the generations. Branches 

7 and 8 have the highest and lowest average hosting capacities of 3.01 MVA and 2.24 MVA, 

respectively. The average hosting capacity conservation of 93.3% was obtained when the aggregated 

DER unit was connected to branch 1 of the distribution network. Branch 4 has the highest branch 

contribution to the network average risk index at 22.76 %. The risk index contribution of branches 1 

and 7 are insignificant since the least probabilistic voltage of its nodes is within the voltage security 

limit. 

Figure 6.21 shows the probabilistic line loading of the network with and without the 

operation of aggregated DER unit on the first node of the network branches. In consistency with the 

advantage of the DER’s unit optimal operation, the network’s line loading under probabilistic loading 

is reduced for each branch. The branch loading and the distance of the branch from the substation 

impact the percentage line loading reduction obtainable under constant network parameters. The 

highest line loading reduction of 99.83% was obtained from branch 2. The probabilistic line loading 

reduction obtained for branch 6 is inconsiderable due to the number of load points connected and the 

size of the load connected. The percentage power loss reduction obtained after the connection of the 

aggregated DER unit is shown in Figure 6.22. An average power loss reduction of 77.4 MVA was 

obtained after connecting the aggregated DER unit to the distribution network. The voltage responses 

of the reconfigured network for several scenarios are afterward determined.  

Figure 6.19: Initial networks showing the loops 
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Figure 6.20: Probabilistic risk index of branches with aggregated DER units 

 
Figure 6.21: Probabilistic line loading with and without aggregated DER units 

 
Figure 6.22: Percentage power loss change with DER unit operations 

6.6.2.2 Optimization results 

The fitness functions for the IEEE 69-node test network are also developed for each loop 

within the distribution network. The fitness functions are developed to achieve a network 

configuration that minimizes the network power loss considering the risk index and hosting capacity 

variables through operations of the section switches (S) and the tie switches (T). Figure 6.23 shows 

the global optimal values after 20 iterations for the loops. The lowest and highest standard deviations 

of 0.018 and 0.032 from the optimal values were obtained from loop 1 after 20 iterations. The 𝑥𝑥 

and 𝑦𝑦 values corresponding to the 𝑃𝑃𝑃𝑃𝑃𝑃 and hosting capacity values for the optimal power loss values 

and the section line switch (S) to achieve the required reconfiguration for each loop are shown in 

Table 6.2. The fitness function is also derived such that there is no mesh network within the 
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distribution network, thereby ensuring the radiality constraint of distribution network 

reconfiguration.  

 
Figure 6.23: Loop optimization objective values 

Table 6.2: Optimal solutions for reconfiguration 

Loop 𝑃𝑃𝑃𝑃𝑃𝑃 𝐻𝐻𝐻𝐻 Section line 

1 8.012 3.1 S56 
2 12 3.01 S64 
3 11.05 3.05 S20 
4 9.5 2.95 S41 
5 8.68 2.98 S12 

 

6.6.2.3 Reconfigured network results 
The reconfigured network models and the optimization variables’ results are presented in 

this section. Figures 6.24 shows the reconfigured networks for each loop. The highest probabilistic 

risk index reduction is obtained from the reconfigured network for loop 2, as shown in Figure 6.25. 

The average network 𝑃𝑃𝑃𝑃𝑃𝑃 was reduced by 92.7%, with the highest reduction of 99.2% from loop 2. 

The minimum and maximum hosting capacity were increased by 16.7% and 2% for loop 1 network 

reconfiguration. Figures 6.26 and 6.27 show the power loss and line loading reduction of the network 

with aggregated DER unit operation before and after network reconfiguration. Considerable 

reductions of 31.7% and 17.58% were achieved for the power loss and line loading, respectively, by 

connecting the DER unit to branch 1 of the reconfigured networks considering loop 1. 
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Figure 6.24: Reconfigured network for each loop 

 

 

Figure 6.25: Probabilistic risk index of branches with aggregated DERs 
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Figure 6.26: Power loss change with DER unit operations 

 
Figure 6.27: Probabilistic line loading with DER units 

Figure 6.28 shows the voltage response of reconfigured networks under the step load changes 

in the load profile shown in Figure 6.15 with and without the operation of the aggregated DER unit. 

The operations of the aggregated DER unit and the activation of the load and switch events are the 

same as in section 4.1. The highest minimum voltage improvement of 2.3% was obtained from 

branch 8. More voltage deviation improvements are obtained through the minimum generation of 3 

MW and power factor of 0.85 from the aggregated DER unit. Figure 6.29 shows the improvement in 

the voltage deviations obtained in loop 1 for branches 5, 7, and 8. The highest improvements of 

0.32% and 0.58% were obtained when the aggregated DER unit was connected to branches 5 and 8, 

respectively. The minimum voltage is greater for low impedance branches and large load change 

events. Figure 6.30 shows the voltage deviation improvements for the loops and branches of the 

network load changes. The voltage deviation improvements are greater for branches with lower 

impedance values. Branch 2 presents the highest average improvement of 15.4% in the minimum 

voltage during the load change event across the network loops. The reconfigured network with loop 

3 for branch 2 generates the highest minimum voltage improvement of 26.8% with aggregated DER 

unit operation. 
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Figure 6.28: Voltage support from the DER unit on Branch 1 from loop 1 

 
Figure 6.29: Voltage support from DER unit for branches 5, 7 and 8 

 
Figure 6.30: Percentage improvement from DER unit for each loop and branches 

Table 6.3 compares the proposed methods with other methods described in the literature 

from the optimization objective(s) perspective. The considered objectives and scenarios in existing 

literature include but are not limited to power loss, voltage index, economic index, reliability index, 

probabilistic voltage risk index, and the consideration of renewable energy sources and energy 

storage systems. Conventional/analytical metaheuristic optimization techniques have proved 

effective in solving network reconfiguration optimization problems, as shown in Table 6.3. 

Metaheuristic and machine learning techniques have also shown great potential in network 

reconfiguration schemes, as shown in the proposed methods. While optimizing the power losses and 

voltage indices remains the primary objective for most literature, the probabilistic assessments and 

the consideration for RES-DG units remain scarce. As can be seen, the proposed method in this 

research addresses the problem of the probabilistic assessment compared with recent papers. 
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Table 6.3: Comparison with recent literature 
Ref Power 

loss 
Voltage 
index 

Reliability 
index 

Probabilistic 
assessment 

Economic 
index 

RES-DG 
consideration 

Optimization 
method 

[319]       Analytical 
[349]       Analytical 
[326]       Analytical 
[350]       Metaheuristic 
[351]       Metaheuristic 
[331]       Heuristic 
[352]       Metaheuristic 
[353]       Metaheuristic 
[325, 
354] 

      Metaheuristic 

[355]       Machine 
learning 

[356]       Metaheuristic 
[357]       Machine 

learning 
[310]       Analytical 
[358]       Metaheuristic 
[359]       Metaheuristic 
[321]       Heuristic 
[360]       Metaheuristic 

Proposed       Analytical 
 

 

6.6.3 Flexibility quantity estimation 

This section presents the results of simulations and machine learning model training to 

estimate the required flexibility quantity to achieve a desired voltage deviation improvement 

considering the reconfigured distribution network for loop 1. The approach proposed in this paper 

considers the impedance (Z) between the node where the aggregated DER unit is connected and the 

node where the load change disturbance occurs. The voltage deviation is monitored at the last node 

of the branch. The impedance between the node where the aggregated DER unit is connected is 

clustered into low, medium, and high impedances. Figure 6.31 shows the estimated flexibility 

dispatch from the aggregated DER unit considering the step load change and the branch impedance 

clusters. The required aggregated DER unit dispatch to obtain the maximum voltage deviation 

improvement (21.95% to 24.32%) is 3MW for the medium and high impedance connections and 

2.5MW for the low impedance connection. With the highest average load change of 3390 MW and 

the medium impedance connection, the average voltage deviation is improved by 13.46%. Figure 

6.32 shows the estimated flexibility dispatch from the aggregated DER units considering the step 

load change and the expected voltage deviation improvement during the disturbance. 

Notwithstanding the level of load change disturbance on the network, the highest voltage deviation 

improvement is generally recorded with DER units’ dispatch values between 2.25 MW to 3 MW. 

The average voltage deviation improvement of 13.58% with a deviation of 3.46% was obtained with 

2.15 MW average dispatch from the aggregated DER units during the 100 load change events 
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simulated in the grid. The medium connection impedance generates the highest voltage deviation 

improvement of 36.46 % greater than the mean of 13.5%. 

A dataset with four attributes and 100 instances was developed with quasi-dynamic 

simulations with several possible operation states. The results of training the decision tree model to 

estimate the quantity of flexibility needed to achieve the desired outcome voltage deviation support 

are shown in Figure 6.33. The developed dataset is divided into five data batches of 20 instances 

each. The average model build time for all five models is 4s. The average correlation coefficient and 

RMSE from all the batches are 0.957 and 0.187, respectively. The minimum model build time of 3s 

and RMSE of 0.161 was achieved with Batch 5. The constructed tree model obtained during the 

model’s classification process with batch 5 is shown in Figure 6.34. The root node represents the 

voltage deviation improvement attributes, while the load change and connection impedance are 

considered at the decision nodes. The decision rules are generated from the leaf nodes on a root 

node’s path in the decision tree. The classification obtained from each leaf node from the path of a 

root node forms the rule, while the leaf nodes represent the estimated flexibility quantity. Thirty-one 

classification rules were extracted from the RT model. The rules serve as a condition for the 

considered attributes that, when met, return an estimated flexibility quantity predicted grade. Figure 

6.35 shows the actual and estimated flexibility quantities obtained from the developed random tree 

model using a different dataset with twenty instances. The estimation model is effective as only 35% 

of the estimations exceed the average estimation error of 0.1725. The estimated flexibility quantity 

will ensure the anticipated voltage support is obtained during load change disturbances within the 

distribution network. 

 

 

Figure 6.31: DER units dispatch level, connection impedance and voltage deviation  
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Figure 6.32: DER unit dispatch level, load change and voltage deviation improvement 

 
Figure 6.33: Flexibility quantity classification performance 

 
Figure 6.34: Random tree flexibility estimation model 
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Figure 6.35: Flexibility quantity actual and estimated 
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7 Discussion, Conclusion and Future Work 

7.1 Discussion 

Intermittency, availability, and security issues are the main problems associated with 

substantial penetrations of RES-DG devices into the grid. Power generation is intermittent as a result 

of the sources' unpredictability, which could lead to fluctuations in the generation level. The RES-

DG units cannot provide support during large disturbances due to the absence of mechanical inertia. 

Recent blackouts prove that low inertia grids quickly transition from secure to insecure state during 

disturbances that would not have been significant to high inertia grids. Optimal placement of RES-

DG units within the distribution system remains an important part of maintaining the grid's security. 

The variability in the power output from RES-DG units results in probabilistic scenarios that can 

only be accommodated with probabilistic security indices and constraints. Optimal placement 

ensures that the risk of overvoltage and overgeneration is reduced if probabilistic security variables 

are included in the optimization problem formulation. Optimal placement also reduces the impact of 

unintended bidirectional power flow on the grid components and the protection systems. It is also 

important to evaluate the impact of the different inverter voltage control modes on the performances 

of RES-DG units in the grid. The interactive decision tree classification algorithm adopted provides 

options for future distribution network expansion with RES-DG unit.  

In addition to limiting the impact of RES-DG unit penetration on the grid’ security through 

optimal RES-DG units placement, monitoring and predicting the grid’s security is also important. 

The time-changing, reduced effective inertia caused by varying penetration levels of RES-DG 

increases the grid's frequency change, leading to significant security risk considering potential 

contingencies in the grid. Prior knowledge of the system security state for proposed grid operating 

scenarios will assist grid operators in determining appropriate security control techniques. The 

effectiveness of the proposed machine learning-based prediction model is ensured by first developing 

an algorithm for the training dataset development. The algorithm considers several parameters, 

including generator type, penetration levels, elements, and contingency type. The training dataset 

patterns are identified and grouped using a density-based clustering algorithm. A probabilistic 

classifier is afterward applied to obtain security state predictions for the future. There are several 

challenges with an offline model, including large storage space requirements, the time required to 

retrain a model, and its unsuitability for real-time security prediction. To overcome these challenges, 

an online training technique is also applied to predict the grid's security using varying grid attributes. 

The performance of the online model is improved by performing the training in a prequential mode. 

For predicted insecure states, an intelligent load-shedding technique is used to ensure grid-secured 

operations 
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Interaction between the distribution and transmission networks regarding flexibility 

exchange is essential to ensure the security of the modern grid. Voltage instabilities during 

disturbances can be minimized by applying flexibility from the distribution networks. To achieve 

optimal flexibility operations, the probabilistic voltage risk due to voltage support unit operations 

must be investigated. The proposed bi-level optimization levels considered economic and technical 

objectives. The objective is to achieve maximum voltage support with the estimated MW dispatch 

from the RES-DG units with the minimum power loss network reconfiguration. The combination of 

classical and machine learning-based optimization techniques ensures the optimized cost during 

flexibility operations 

7.2 Conclusion 

This thesis assesses the impact of high penetration of RES-DG units on the security of the 

modern grid. Alongside the security assessment, this thesis proposes methods to ensure, predict and 

enhance the grid's security using machine learning approaches. The methods proposed in this thesis 

focused on the transmission network, the distribution network, and the boundary between the 

transmission and distribution networks. Integrating these methods, emerging grids may achieve 

100% renewable energy generation with a high share of generation from the RES-DG units. The 

results obtained from testing the models on appropriate IEEE test networks suggest that the proposed 

methods help assess, predict, and ensure the grid's security with varying penetration levels of RES-

DGs and other grid attributes. 

A comprehensive literature review of the role of power generation units in the distribution 

networks and their related challenges was presented. The literature review discusses the positive and 

negative technical impacts of the penetration of RES-DG units. It also examines various proposed 

recommendations to limit the negative impacts on the grid’s security. Furthermore, it discusses the 

directions on the possible research areas to ensure and enhance the grid’s security under high 

penetration levels of RES-DG, considering components, models, and interaction between the 

transmission and distribution network operators. Research areas with challenges suggested in future 

trends of this chapter need to be researched more to get valuable solutions for implementation. The 

discussion in the literature review shows the importance of the RES-DG unit in the transition process 

from a traditionally passive high-carbon emission grid to an active zero-carbon emission future grid. 

More flexible, efficient, dynamic, real-time, and probabilistic planning and operation models would 

replace the conventional, static, deterministic, and offline models in the future grid. Techniques to 

maximize the benefits of high RES-DG unit penetration into the grid while limiting the negative 

impact on the grid’s security should be further explored. Proper active distribution network planning 

and operation, grid-wide security assessment and prediction, and coordinated flexibility interaction 

between the transmission and distribution networks support the achievement of high penetration of 

RES-DG units into the modern grid.  
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A novel approach to allocating multi-type RES-DG units in an unbalanced distribution 

network to achieve high penetration of RES was developed in this thesis. The proposed approach 

introduced a voltage risk index to estimate the nodes' voltage insecurity probability under different 

scenarios. It also demonstrates the possibility of determining the optimal branches and nodes for 

RES-DG placement using a decision tree classification technique. Additionally, the impact of 

inverter voltage control modes on the performance of the distribution network was investigated.  

A method for offline grid security state clustering and classification using post-contingencies 

network state parameters considering time-varying inertia and critical clearing time of the grid was 

afterward developed. The method introduces a comprehensive data development technique 

considering penetration levels of different types of RES-DG units, faulted elements, and contingency 

types within the grid. This chapter also includes an approach to predicting the critical clearing time 

for the grid under varying grid attributes. The proposed security prediction and critical clearing time 

methods demonstrate the possibility of identifying the patterns and connections between the post-

contingency frequency and voltage responses and the changing parameters of the grid. Due to the 

limitations of offline prediction methods, this thesis also includes a model for online prediction of 

the grid’s security with varying grid attributes and penetration levels of RES-DG. The online 

prediction model uses the prequential incremental model training technique to achieve an effective 

model for online security prediction. The online proposed security prediction and control technique 

does not require large data storage as the previous training dataset does not need to be stored after 

each training process. Also, since time-domain simulations have been eliminated, the associated 

computation burden on the tool is significantly reduced.  

To conclude the thesis, a novel bi-level security-constrained optimization technique for 

effective flexibility operation by the distribution network operators was developed. The technique 

initiates by investigating the impact of flexibility operations of the distribution network using the 

voltage risk index, then proceeds to develop a dynamic distribution network reconfiguration for 

economic and technical considerations. The technical consideration proposes a decision tree 

classification technique for optimal voltage flexibility operation from the reconfigured distribution 

network. The quantity of the disturbance estimated in MW, the connection impedance, and the 

expected voltage deviation improvement are the attributes considered to estimate the quantity of 

flexibility to be dispatchable from the aggregated distributed energy resources during disturbances 

for optimal voltage flexibility operation.  

For application to real power system networks, the proposed models in this research can be 

developed into a deployable user-centred design (UFD)-based software for system operator 

utilization. The software will be interactive and particularly useful to the TSO and power aggregators 

to monitor the grid's security for varying levels of renewable energy generation in the energy pool. 

The software will also estimate the parameters required to maintain the grid in a secured state during 

emergencies. The predictions (security, maximum RES-DG penetration, load shed value, and critical 
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clearing time predictions) are made for every change of operation point as an online prediction model 

using real-time data instances. A major challenge that may inhibit the application of the online 

prediction model to real power system networks is the unavailability of sensors to extract the 

attributes at specific grid nodes. Another challenge is the required speed of execution of the model 

commencing from saved model retrieval, result prediction, model update, and model storage. The 

implementation cost of the proposed model will be high due to the requirement to develop new 

sensors and use high-speed processors. 

The highlights and remarks of this thesis are summarized as follows: 

1. The modern and emerging grids with high penetration levels of RES-DG necessitate 

comprehensive and integrated models across the grid levels for fast grid attributes extraction 

for security state prediction. 

2. Grids operating under a high penetration level of RES-DG may quickly transition from the 

secure to insecure state without existing in the alert state. 

3. Objectives and constraints for distribution network planning and expansions considering high 

penetration levels of RES-DG units should be extended from deterministic objectives to 

probabilistic security objectives and constraints. 

4. Probabilistic techniques based on offline security state prediction can identify post-contingency 

response patterns, which are essential for grids with high and varying penetration level RES-

DG. 

5. Real-time security state monitoring and prediction for the modern grid with several varying 

attributes can be easily achieved using incremental prequential machine learning techniques. 

6. Time ahead estimations of the load shed and critical clearing time values for proposed grid 

operation scenarios with high penetration levels of RES-DG are required to ensure the grid's 

security. 

7. Considerations for techno-economic objectives and constraints are required for optimizing the 

tradeable flexibility from the active distribution networks for voltage support during 

contingency events. 

7.3 Future work 

Notwithstanding the valuable contributions and findings from this study, there are several 

possibilities for future research and potential study areas to provide more insights on the subjects 

addressed in this study. Some of the critical research areas needing further investigation are as 

follows: 

• The present independent frequency and voltage control techniques at the transmission and 

distribution network levels may not be effective for the emerging grid. There is a need for 

research on integrated distributed frequency and voltage control techniques across the 

transmission and distribution networks. 
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• The frameworks for implementing the offline and online security state prediction on a real 

power system have been presented in this thesis. There is a need to investigate the predicted 

security state and control parameter communication between the transmission and 

distribution network operators. Improve communication, and enhanced interaction between 

the operators reduce decision-making times for the different protection components within 

the grid. 

• Synthetic inertia, a costly flexible commodity, is one of the practicable techniques for 

enhancing the security of low inertia grids. Estimating the optimal amount of synthetic inertia 

needed to ensure the security of every predicted insecure grid operation scenario is a 

significant future research area. 

• There is a need to extend the objectives and constraints for flexibility operating regions 

modeling at the transmission and distribution network boundaries beyond the deterministic 

steady-state objectives to include probabilistic transient state objectives and constraints to 

ensure the grid's security during flexibility operations.  
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