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Abstract— This article introduces the Adaptive Fixed-Time 

Consensus algorithm (AFTCA) using a saturation function to 

address challenges arising from the constant parameter values 

in different operational conditions. To enhance the cluster's 

adaptability during emergencies, an Artificial Neural Networks 

(ANN) technique is leveraged to predict these parameters. 

Implementing this technique in the secondary control layer 

improves both cluster convergence and bus voltage regulation. 

The proposed control method outperforms existing approaches 

in the literature, achieving swift current convergence and 

enhanced voltage recovery across diverse operating conditions. 

The performance of the proposed control method is evaluated 

by simulating a cluster of four DC microgrids (MGs) using 

MATLAB.  

Keywords DC Microgrid cluster; Voltage regulation, 

Current sharing, ANN, and AFTCA. 

I. INTRODUCTION 

Microgrids (MGs) are compact electrical networks comprising 
end-use loads, energy storage devices, and distributed generators 
(DGs) [1]. They facilitate localized grid development by integrating 
various renewable energy sources (RES) [2]. Literature highlights 
multiple MG topologies - AC, DC, and hybrid AC/DC - effectively 
combining RES with energy storage systems (ESS) to meet 
electricity demands [3]. Notably, the number of DC MGs is rapidly 
increasing, offering benefits such as simplified reactive power 
regulation, no synchronization requirements in standalone mode, and 
absence of harmonics or frequency compatibility issues compared to 

conventional AC MGs [4]. 

DC MGs face challenges, notably the reliability of power supply 
due to intermittent Renewable Energy Sources (RESs) like 
Photovoltaic (PV) and wind turbines (WT). Their generation heavily 
depends on weather conditions, causing power supply fluctuations 
and mismatches with load demand. A proposed solution involves 
deploying DC MG clusters to effectively address and overcome these 
challenges.  

Clustered MGs offer substantial enhancements in flexibility and 
dependability [5]. They provide critical advantages, including (i) 
expanding renewable energy utilization and grid coverage, (ii) 
improving stability and reliability against generation uncertainty and 
demand fluctuations, and (iii) boosting overall operational efficiency, 
flexibility, and economic viability [5]. Effective coordination among 
these MGs is crucial to optimize resource utilization within the 

cluster and ensure maximal efficiency. 

Prior studies have explored various control systems for efficient 
coordination of MGs within clusters, including centralized, 
decentralized, distributed, and hierarchical control. Among these, 
hierarchical control stands out for its notable coordinating abilities, 
comprising primary, secondary, and tertiary levels, each handling 
distinct tasks. Consensus protocols, particularly at the tertiary level, 
have been utilized in literature for data exchange coordination [6]-
[8]. These protocols' convergence algorithms fall into categories such 
as linear, finite-time, and fixed-time convergence [9],[10],[11]. 
Linear consensus, favoured for its simplicity, is commonly adopted 
in distributed control and management of microgrids (DCMMGs) 
research [8],[12]. However, its suitability diminishes in complex 

communication topologies and emergency scenarios requiring rapid 
response and accurate monitoring within limited timeframes 
[10],[13]. 

Authors have proposed a finite-time consensus method in 
response to these challenges [10], [13], [14]. This approach ensures 
convergence within a predefined timeframe, making it more reliable 
for critical situations. It simplifies consensus establishment in limited 
steps, ensuring simultaneous agreement among all involved agents 
[15]. Demonstrating efficacy across operational scenarios, it 
outperforms linear consensus in terms of speed. However, it requires 
initial cluster conditions and a thorough understanding of the graph 
topology, which may vary and not always be readily available or 
precise. In contrast, the fixed-time consensus method offers 
accelerated convergence and a reliable assessment of convergence 
time independent of initial conditions [16], enhancing practicality in 
complex networks. Nonetheless, the optimal determination of control 
coefficients remains unresolved, potentially affecting convergence 
under critical circumstances. Hence, Artificial Neural Networks 
(ANNs) are employed to predict optimal control coefficient values 
based on cluster situations [17]. ANNs excel in handling complex, 
nonlinear data, providing more accurate predictions in high-
dimensional and nonlinear environments [18], [19], [20]. Despite its 
complexity, this approach offers significant benefits in prediction 
accuracy and handling intricate data relationships, aligning with our 
objectives and challenges. 

The main contributions of this study are listed as follows. 

1. Implementation of a Fixed-Time Consensus Algorithm 
(FTCA) using a saturation function in the secondary 
control layer to limit control outputs, preventing cluster 
oscillations. This achieves faster current convergence and 
shorter settling times. 

2. ANN technique is adopted in the paper to predict control 
coefficients of FTCA based on load change conditions in 
the cluster, which may enhance cluster response.  

 

Fig.1. The configuration of DCMG Cluster. 

II. PROBLEM FORMULATION  

The DC MGs cluster, as shown in Fig. 1, comprises physical and 

cyber control layers. These layers facilitate efficient collaboration 

and coordination among MGs within the cluster. They are 



instrumental in constructing a Laplacian matrix, representing the 

network architecture, and governing power transfer among MGs. 

A. Physical Layer 

The cluster's physical network can be embodied by an undirected 

weighted graph 𝐺𝑒(𝒱, ℰ, 𝑤). The MGs and their power connections 

are deemed to be as nodes and edges, respectively. More 

specifically, 𝒱𝑒 = {1,2, . . . , 𝑁} is the index set of N MG, and ℰ𝑒 ∈
𝒱 × 𝒱 is the edge set of coupled MGs in the cluster. These MGs are 

connected through conductance lines that represent the edge weights 

(𝑤), which are assumed to be 1Ω−1in the system. It is essential to 

mention that if an edge (𝑖, 𝑗) ∈ ℰ𝑒 implies the node, i can gather 

information from node j. 𝒜 = [𝐺𝑖𝑗] ∈ 𝑅𝑁×𝑁is the adjacency matrix 

along with non-negative elements, where 𝐺𝑖𝑗 = 1 ⇔

𝑖𝑓𝑎𝑛 𝑒𝑑𝑔𝑒 (𝑖, 𝑗) ∈ ℰ𝑒 and 𝐺𝑒𝑖𝑗 = 0 otherwise .The Laplacian 

matrix ℒ = [𝑙𝑖𝑗] ∈ 𝑅𝑁×𝑁 is described as 𝑙𝑖𝑗 = −𝑔𝑖𝑗 , 𝑖 ≠ 𝑗, and 𝑙𝑖𝑖 =

∑ 𝐺𝑖𝑗
𝑁
𝑗=1,𝑗≠𝑖 . It is necessary to mention that 𝒟 =

𝑑𝑖𝑎𝑔{𝐺11, 𝐺22, . . . , 𝐺𝑁}.  

B. Cyber Layer 

Graph theory can be considered as a graphical depiction of the 

communication networks among MGs in a cluster [7]. This 

subsection uses an undirected graph to describe the communication 

network topology amongst the MGs in the cluster. Considering a 

cluster consisting of a set of N interacting MGs. 𝐺𝑐(𝒱, ℰ)  is a 

weighted undirected graph, where 𝒱 = {1,2, . . . , 𝑁} is the index set 

of N MGs and ℰ ∈ 𝒱 × 𝒱 is the edge set of coupled MGs. An edge 

(𝑖, 𝑗) ∈ ℰ indicates that node i can get data from node j. 𝒜 = [𝑎𝑖𝑗] ∈

𝑹𝑁×𝑁 is the adjacency matrix with non-negative elements, where 

𝑎𝑖𝑗 = 1 ⇔ 𝑖𝑓 𝑒𝑑𝑔𝑒 (𝑖, 𝑗) ∈ ℰand 𝑎𝑖𝑗 = 0 otherwise. The Laplacian 

matrix ℒ𝑐 = [𝑙𝑖𝑗] ∈ 𝑹𝑁×𝑁  is described as 𝑙𝑖𝑗 = −𝑎𝑖𝑗 , 𝑖 ≠ 𝑗 , and 

𝑙𝑖𝑖 = ∑ 𝑎𝑖𝑗
𝑁
𝑗=1,𝑗≠𝑖 . It is crucial to mention that 𝒟 =

𝑑𝑖𝑎𝑔{𝑎11, 𝑎22, . . . , 𝑎𝑁𝑁}.  

III. THE MAIN CONTROL OBJECTIVES  

    Inspired by [21], the control objectives, including proportional 
current sharing and average voltage regulation, are derived for 
multiple MGs as expressed in Eq. (1) as follows. 

  lim
𝑡→∞

(
 𝐼𝑖

𝐼𝑐𝑖
−

 𝐼𝑗

𝐼𝑐𝑗
) = 0        for all 𝑖, 𝑗 ∈ 𝒱𝑒                      (1) 

  where  𝐼𝑐𝑖and 𝐼𝑐𝑗indicate the maximum capacities of  𝑀𝐺𝑖 and  𝑀𝐺𝑗 

in cluster. These capacities need to be greater than zero. Eq. (2) is 
used to determine the overall average voltage of the cluster, which 
can be regulated to  Vdcref in a steady state. In other words, V̅dc −
 𝑉𝑑𝑐𝑟𝑒𝑓  should be Zero.  

𝑉̅𝑑𝑐 =  
1

𝑛
∑ 𝑉𝑑𝑐𝑖

𝑛
𝑖=1  =  𝑉𝑑𝑐𝑟𝑒𝑓                                         (2) 

A. Adaptive fixed Time-Triggered Consensus Protocol  

 
In this study, ANN is used to predict the control coefficients of the 

fixed time consensus algorithm, as shown in Fig.2. This approach is 

applied to multiple MGs, as shown in Eqs. (3) – (6):  

 𝑉𝑟𝑒𝑓 = ∆𝑉𝑣 + ∆𝑉𝑖                                                                  (3)                                                                                                                        

To produce the current correction factor, the error of the current 

( 𝜑𝑐𝑖) needs can be expressed in Eq. (4) as follows:                                                                              

𝜑𝐿𝑖 = 𝑎𝑖𝑗 ∑ (
𝐼𝑖

𝐼𝑐𝑖
−

 𝐼𝑗

𝐼𝑐𝑗
) = 0𝑗∈𝑖           (4) 

𝜑𝐿𝑖 = ∑ 𝑎𝑖𝑗
 𝐼𝑖

𝐼𝑐𝑖
− ∑ 𝑎𝑖𝑗

 𝐼𝑗

𝐼𝑐𝑗
𝑗∈𝑖 = 𝐿𝑐 𝐼𝑐

−1
𝑗∈𝑖                              (5)                                                                                                                                                                    

It is essential to mention that [𝒟] − [𝒜] = 𝐿𝑐 ; 𝑎𝑖𝑗  refers to the 

communication weight factor between MGi  and its close 

neighboring MGs in the cluster. To attain fast current convergence 

speed and less voltage recovery time, the secondary control layer in 

[21] is modified by using a fixed-time consensus algorithm based on 

the saturation function as expressed in Eq. (6).     

 𝑢𝑖 = 𝑘1𝑠𝑎𝑡(𝜑𝐿𝑖)𝑚 + 𝑘2𝑠𝑎𝑡(𝜑𝐿𝑖)𝑛                                      (6)                                                       

where 𝑚 , 𝑛 , 𝑘1 and 𝑘2 indicate control coefficients that needs to 

be within a range of 1. In this study, 𝑘1  and 𝑘2 are predicted by 

ANN based on load conditions in the cluster, as explained in the next 

section. By integrating the multiplication of Eq. (6) with the gain 

control (Ki), the current correction factor can be calculated in Eq. 

(7) as follows:                                                                                 

∆𝑉𝑖 = 𝐾𝑖 ∫ 𝑢𝑖
𝑡

0
𝑑𝑡                                                                   (7)                                                                                                        

the voltage error can be obtained by Eq. (8) 

𝑢𝑣 = 𝑉̅𝑑𝑐𝑖 − 𝑉𝑑𝑐𝑟𝑒𝑓                                                         (8)                                                                                                           

The locally observed voltage regulation (𝑉̅𝑑𝑐𝑖can be determined by 

using Eq. (9), which depends on the local voltage of MGi  and 

integrating the multiplication of Eq. (6) with gain control (𝐾𝑡)  

without needing the voltage information of MGj  which results in 

reducing communication between MGi and its neighbors.  

𝑉̅𝑑𝑐𝑖 = 𝑉𝑑𝑐𝑖 + 𝐾𝑡 ∫ 𝑢𝑖
𝑡

0
𝑑𝑡                                                  (9)                                                                               

where 𝐾𝑡 =  𝐾𝑖 + 𝐾𝑣  ; these control gains should be greater than 

zero. By substituting Eq.(9) into Eq. (8), the voltage error is 

expressed in Eq. (10). 

 𝑢𝑣 = (𝑉𝑑𝑐𝑖 + 𝐾𝑡 ∫ 𝑢𝑖
𝑡

0
𝑑𝑡 ) −  𝑉𝑑𝑐𝑟𝑒𝑓                             (10)                                                             

From Eq. (10), the voltage correction factor is determined in Eq. 

(11) as follows. 

∆𝑉𝑣 = 𝐾𝑣 ∫ 𝑢𝑣𝑑𝑡 =
𝑡

0
((𝑉𝑑𝑐𝑖 + 𝐾𝑡 ⋅ 𝑘1 ∫ 𝑠𝑎𝑡(𝜑𝐿𝑖)𝑚 +

𝑡

0

𝑠𝑎𝑡(𝜑𝐿𝑖)𝑛 𝑑𝑡) − 𝑉𝑑𝑐𝑟𝑒𝑓) 𝐾𝑣                                           (11) 

  𝑉𝑟𝑒𝑓 = 𝐾𝑖 ∫ 𝑢𝑖
𝑡

0
𝑑𝑡 + 𝐾𝑣 ∫ 𝑢𝑣

𝑡

0
𝑑𝑡                                 (12)                                                           

So, the combination of Eqs. (7) and (11) result in  𝑉𝑟𝑒𝑓 expressed in 

Eq. (12), which is transmitted to the primary control layer to correct 

the voltage mismatch caused by the droop control level. It is 

essential to mention that  𝑉𝑟𝑒𝑓 should be equal to Vdci at the steady 

state condition.  
 

B.  ANN implementation  
 

ANNs are computational models inspired by the human brain's 

structure and function [22]. They excel in control systems, managing 

device behavior or system operations, typically in automation or 

signal processing contexts, offering high-speed, reliability, and 

robustness. ANNs' efficiency relies on weight adaptation within the 

network, ensuring optimal performance across layers [23]. In this 

study, 35000 simulated samples of load currents (𝐼𝑑𝑐) in the DC 

MGs cluster and control coefficients of fixed time consensus 

algorithm (𝑘1 𝑎𝑛𝑑 𝑘2), were collected from simulated cluster under 

varying load conditions to train ANN. These variables are essential 

as they directly impact the ANN's ability to simulate the relationship 

between changing load demands and necessary control adjustments 

for secure and effective cluster operation. The Levenberg-

Marquardt algorithm was used for training, allocating 65% of data 

to learning, 15% to testing, and 15% to validation.  

      A feed-forward neural network was constructed in MATLAB 

with a single hidden layer of 10 neurons to model the relationship 

between input vector (load currents) and two associated target 

outputs (control coefficients). After training over 1,000 epochs to 

adjust weights and biases, the network's accuracy was evaluated by 

calculating the mean square error (MSE) between predicted and 

actual outputs. The model exhibited exceptional predictive ability 

across all datasets, with the MSE of the training set sharply 

decreasing and stabilizing at a very low value over increasing 

epochs, indicating effective learning [22], [23], as shown in Fig.3. 
 



 
           Fig.2 Proposed control scheme.  

 

 

 

     Fig.3 Best validation performance of ANN 

III. RESULTS AND DISCUSSION  

The MATLAB-simulated four DC-MGs cluster (depicted in Fig. 
1) evaluates the proposed AFTCA's superiority over previous control 
methods. MGs are interconnected by tie lines, represented as 1-ohm 
resistances. Notably, each microgrid features two DG units in 
parallel, with DC-DC buck converters lowering the output voltage 
from 100V to 48V to match local loads. Fig. 3 outlines the key 
components of each DG, while Table 1 provides comprehensive data 
for each MG within the cluster.  
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The local control layer, depicted in Fig. 4, is the primary control 
layer of the MG. It regulates the MG's voltage and current levels 
based on the reference voltage (𝑉𝑟𝑒𝑓) received from the global control 

layer, which includes secondary and tertiary control layers. The 
voltage loop adjusts the DG's output voltage and current based on 
measured and reference voltages, while the current loop adjusts the 
DG's output current based on measured and reference currents. These 
control loops enable the local control layer to achieve the MG's 
primary control objectives, ensuring stable output voltage and 
synchronized output power. This enhances overall stability, 
reliability, and efficient fulfilment of electrical power requirements 
within the MG. 

 

     Fig. 4. The structure of each MG in the cluster. 

Table1 MGs Parameters 

Parameter Value Unit 

Nominal Voltage 48 V 

Converter Resistance 0.52 Ω 

Converter Inductor 0.002 H 

Converter Capacitor 0.005 F 

Switching Frequency 20000 Hz 

𝐾𝑖 and 𝐾𝑉 34 ------ 

Conductance  1.25 ------ 

 

For this study, the load resistances for each MG in the cluster have 
been adjusted to 24, 12, 16, and 9.6 Ω, with 48 V as the nominal 
voltage. Despite the loads being different, the load currents of the 
close-coupled MGs with identically rated currents (8A) and (10A) 
converge to their equilibrium setting point in 0.05s, which is deemed 
quite rapid in comparison to the [27] as demonstrated in Fig.5. It is 
discovered that the load currents converge to 3.1A, 3.1A, 3.9A, and 
3.9A, confirming the strength of the proposed control technique in 
achieving accurate current allocation across the cluster's participant 
MGs, ensuring stability, efficiency, and reliability within the 
microgrid cluster. It also correlates to decreased power losses. In the 
following subsections, several scenarios are conducted to evaluate 
the efficiency of the proposed control mechanism under these 
circumstances. 

A. Load changes  

During the first scenario, the introduction of load resistances for 
the MGs at 1.5s and 2.5s resulted in an increase in the overall load 
current from 13.9A to 22.4A and subsequently to 28.4A. The 
observed results indicate a decrease in resistance ranging from 39% 
to 52.5% compared to the initial setup values. The system promptly 
adapted to the changes, as seen in Fig.5, by sustaining bus voltages 
at magnitudes of 48.2V, 48.6V, 47.5V, and 47.9V throughout the 
time interval of 2.5s to 3.5s. Additionally, the system demonstrated 
rapid convergence of load currents within a time frame of 0.025 
seconds, namely throughout the interval of 0 to 1.5 seconds. 
Furthermore, the convergence of load currents after load changes at 
1.5s and 2.5s occur within 0.015s and 0.002s, respectively, as 
indicated in Fig.6(a). This highlights the effectiveness of the 
proposed coordination method among the MGs inside the cluster. 



      In addition, it can be shown from Fig. 5(b) that the average bus 

voltages in the MG cluster stayed continuously within a narrow 
range of 47.86V to 48.0124V throughout periods of steady 
states. Moreover, the bus voltages quickly returned to normal values 
when disturbances occurred at 1.5s and 2.5s. Fig.5(c) demonstrates a 
negligible voltage tracking error, exhibiting less than 0.124 V and 
0.06V variances for load changes lasting 1.5s and 2.5s, respectively. 
It is important to highlight that the main control objectives, as 
outlined in Eqs (4) and (8), have been successfully achieved, as seen 
in Figs. 5(c), 5(d), and 6(b).  

  

 Fig.5. Scenario I (a) DC voltage, (b) Average voltage, (c) voltage regulation 
errors, and (d) Voltage observers (Eq. (8)) 

 

Fig.6. Scenario I (a) DC Current (b) Current Sharing errors (Eq. (4)) 

B. Abnormal conditions  

The purpose of this scenario is to evaluate the cluster's performance 
under realistic situations by subjecting it to load changes and faults. 
In addition to the load changes mentioned in Subsection A, simulated 
faults were also implemented in MG2 and MG3 at 2s and 3s, 
respectively. Notwithstanding these interruptions, the system's 
stability is noticeable, as seen in Fig.7 (a), whereby the DC bus 
voltages persist within the specified limit. The convergence of load 
current occurs during the time interval of 0.001s to 0.04s, resulting in 
an accurate current sharing among the MGs involved, as seen in 
Fig.8(a). The cluster regularly exhibits average voltages ranging from 
47.767V to 48.145V. Furthermore, the voltage tracking error of the 
buses remains within the range of 0.145V to -0.231V, as seen in 
Fig.7(c). The key control objectives, as defined in Eqs (4) and (8), 
have been effectively achieved, as seen in Figs. 7(d) and 8(b). 

 

Fig.7. Scenario II (a) DC voltage (b) Average voltage (c) voltage regulation 
errors (d) Voltage observers (Eq. (8)). 

 

Fig.8. Scenario II (a) DC Current (b) Current Sharing errors (Eq. (4)). 

V. COMPARISON WITH THE EXISTING 
CONTROL TECHNIQUES  

This section investigates the impact of control coefficients 
on cluster performance with/without the use of ANN for 
coefficient prediction. Scenarios with random coefficient 
values were tested without ANN. It was found that decreasing 
these coefficients negatively affected load current 
convergence and DC voltage settling time, with the worst 
scenario achieving 0.22s and 0.22s, respectively (Fig.9(a)). 
Conversely, increasing coefficients improved load current 
convergence and DC voltage settling time to 0.13s and 0.2s, 
respectively. However, fixed coefficient values may hinder 
effective handling of load fluctuations in real-life scenarios. 

In the case of using ANN, continuously determining 
coefficients reduced load current convergence and DC voltage 
settling time to 0.022s and 0.06s, respectively, enabling 
effective cluster response to load changes (Fig.9(b)). 
Additionally, this approach achieved better performance than 
[24], which attained load current convergence and settling 
times within 0.1s and 0.2s, respectively. These findings 
highlight the vulnerability of clusters with constant coefficient 
values to unpredicted load changes, a limitation addressed in 
this study. 



 

Fig.8 Currents convergence and Settling time of dc voltages (a) fixed-time 
consensus algorithm (b) adaptive fixed-time consensus algorithm. 

VI. CONCLUSION  

This article presents an AFTCA based on ANN for enhancing the 
performance of the secondary control layer in a cluster of four DC 
MGs (as shown in Fig.1). The feasibility of this control approach is 
demonstrated under various perturbative scenarios, including load 
variations and faults. 

Key findings reveal that the DC voltages within the MG cluster 
consistently remain within predefined limits. Additionally, this 
method facilitates rapid cluster voltage restoration, ensuring accurate 
proportional current sharing based on the maximum ratings of the 
MGs. The average voltage observers exhibit quick and reliable 
convergence to the reference voltage, even in abnormal situations. 
Simulation results underscore the cluster's resilience to disruptions, 
thereby reinforcing the efficacy of the proposed control algorithm. 
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