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Abstract 
 

Predicting indoor airflow distribution in multi-storey residential buildings is essential for 

designing energy-efficient natural ventilation systems. The indoor environment significantly 

impacts human health and well-being, considering the substantial time spent indoors and the 

potential health and safety risks faced daily. To ensure occupants' thermal comfort and indoor 

air quality, airflow simulations in the built environment must be efficient and precise. This study 

proposes a novel approach combining Computational Fluid Dynamics (CFD) simulations with 

machine learning techniques to predict indoor airflow. Specifically, we investigate the viability of 

employing a Deep Neural Network (DNN) model for accurately forecasting indoor airflow 

dispersion.  The quantitative results reveal the DNN's ability to faithfully reproduce indoor airflow 

patterns and temperature distributions. Furthermore, DNN approaches to investigate indoor 

airflow in the residential building achieved an 80% reduction in the time required to anticipate 

testing scenarios compared with CFD simulation, underscoring the potential for efficient indoor 

airflow prediction. This research underscores the feasibility and effectiveness of a data-driven 

approach, enabling swift and accurate indoor airflow predictions in naturally ventilated 

residential buildings. Such predictive models hold significant promise for optimizing indoor air 

quality, thermal comfort, and energy efficiency, thereby contributing to sustainable building 

design and operation. 

 

Keywords: Computational fluid dynamics (CFD); Machine learning; Deep neural network (DNN); 

Indoor airflow prediction; Natural ventilation; Building environment. 

 

 

Introduction 
 

Nowadays, people spend 80-90% of their time in buildings (Hajdukiewicz et al., 2013; Jamaludin 

et al., 2014; Shaikh et al., 2013). Since the early 21-century, the issues about indoor air quality, 

natural ventilation systems, and occupants' health in common indoor spaces have more interest 



in infectious airborne virus risks in buildings such as Severe Acute Respiratory Syndrome (SARS-

CoV, 2003), Middle East Respiratory Syndrome (MERS-Cov, 2012), and Coronavirus Disease 

(COVID-19, SARS-CoV-2, 2019). In addition, comfort in the built environment is essential for 

human health and increases work productivity. One of the vital tasks in intelligent buildings is 

maintaining an acceptable interior thermal environment because the thermal environment 

significantly impacts inhabitants' health, productivity, and working efficiency (Y. Chen et al., 2020; 

Z. Chen et al., 2021; Chenari et al., 2016; Costa et al., 2013; M. Huang & Liao, 2022; Park & Chang, 

2020; Yang & Wang, 2012). Natural ventilation uses natural forces such as wind-driven force and 

buoyancy-driven force, as well as wind direction, to supply and remove air from the outside to 

the inside (Tominaga & Blocken, 2015), with the potential to save 30 to 40% on energy usage 

compared to mechanical ventilation systems (Gratia & De Herde, 2004; Kolokotroni & Aronis, 

1999; Schulze & Eicker, 2013). Natural ventilation is a trend for sustainable development for 

facilities to improve energy consumption, thermal comfort, and a healthy indoor environment. 

Natural ventilation can enhance indoor and outdoor air exchange and provide occupants with 

internal air renewal and thermal comfort, especially in traditional residential buildings. Sick 

building syndrome (SBS) is easy to develop when a building does not have enough ventilation (Al-

qahtani, 1993; Common, 2003; Klepeis et al., 2001; Wargocki et al., 2002). Research on natural 

ventilation strategies in buildings in Singapore has represented that whole-day ventilation can 

enhance thermal comfort in hot-humid climates (Liping & Hien, 2007). A natural ventilation 

system can help to improve thermal comfort in the building. Still, the effectiveness of natural 

ventilation depends on the climate condition, and the authors gave that manual window opening 

control as an alternative to achieve thermal comfort in the building (Raja et al., 2001).  

 

The computational fluid dynamics (CFD) technique has recently become more familiar in 

forecasting natural ventilation performance as computing capability has advanced (Cook et al., 

2003; Cook & Lomas, 1998; J. Liu et al., 2015, 2018; P. C. Liu et al., 2009; Nielsen, 2015; Qi & Wei, 

2020; Yazarlou & Barzkar, 2022; Zhai, 2006; Zhang et al., 2022). Wind-driven CFD tests have 

demonstrated that the passive technique can meet thermal comfort while enhancing air velocity 

by reducing indoor temperatures and energy consumption (Elshafei et al., 2017; Hong et al., 2017; 



Raji et al., 2020). The use of CFD to study thermal comfort conditions in buildings has been 

investigated (Blocken, 2015; Deng & Tan, 2019; Elshafei et al., 2017; Hong et al., 2017; Raji et al., 

2020). Building energy modelling is another way to assist innovators in designing and developing 

building system concepts, such as displacement ventilation, under various dynamic operating 

situations. However, this technique is widely considered to limit spatial resolution for 

performance prediction of stratified indoor settings (Q. Chen, 2009; Dr. Vladimir, 1967). Full-scale 

measurements can enable researchers to investigate real-world events' complexities. However, 

it is often impractical to make measurements at all places in the domain and control all boundary 

conditions in full-scale experiments (Blocken, 2014a; Q. Chen, 2009; Tominaga et al., 2008).  

ML algorithms have brought significant advancements in various fields, from initial perception to 

deep learning models (Courville, 2016). Leveraging artificial intelligence (AI), such as Deep Neural 

Networks (DNNs), for airflow prediction shows promise as an alternative to CFD analysis in the 

future (Guo et al., 2016; Umetani & Bickel, 2018). Unlike CFD, which relies on wind tunnel test 

data, DNNs offer the advantage of swiftly deriving wind velocity distributions based solely on 

input conditions of various structures within the target area. Consequently, this approach 

significantly reduces computation time, enabling parametric studies, short-time optimization 

calculations, and various other applications. In recent trends, practical research on accuracy 

validation has emerged in different domains, including meteorology and wind power generation 

prediction (Harbola & Coors, 2019; C. J. Huang & Kuo, 2018; J. Zhou et al., 2018). While ongoing 

efforts seek to enhance CFD techniques through novel algorithms and turbulence models (Berger 

et al., 2005; Spalart & Garbaruk, 2021), there has recently been a surge of interest in new tools 

to replace CFD in the analysis of fluid mechanics problems, typically for faster predictions or as 

an aid to the CFD simulation for improved accuracy. AI and data-driven models are gaining 

popularity in applications with digitalization and large amounts of data. In particular, deep 

learning and DNN are particularly intriguing in terms of their skills as universal nonlinear 

approximates, large dimensionality fields, and computational inexpensiveness. Several studies 

have replaced CFD simulations with deep learning methods, using DNNs as surrogate models for 

numerical simulations. Depending on the situation, Surrogate modelling can enable magnitudes 

quicker airflow prediction (Tanaka et al., 2019), and even real-time forecasts addressing one of 



the two issues mentioned by CFD simulations (Hintea et al., 2015). As a result,  DNN models, with 

their superior modelling capabilities and high-speed computing prowess, emerge as viable 

alternatives for airflow prediction in naturally ventilated residential buildings. 

 

In indoor airflow prediction in naturally ventilated residential buildings, while CFD simulations 

can provide valuable insights into realistic wind patterns indoors and outdoors, their setup 

demands considerable technical expertise. Additionally, addressing numerical problems and 

hardware requirements for processing time can lead to substantial expenses. In the past, 

researchers have developed outdoor wind velocity ratio prediction models to anticipate outdoor 

ventilation possibilities on an urban scale, enabling faster decision-making during the early design 

phase. However, existing prediction models often fall short: linear regressions fail to adequately 

explain high-density urban airflow and nonlinear regressions with predefined equation forms 

present significant barriers for urban planners and architects due to their reliance on extensive 

technical expertise. To address these challenges, a more sophisticated data-driven machine 

learning approach emerges as a promising solution. This approach makes it possible to train 

nonlinear regression models without predefined equation formats, making it more accessible 

and adaptable for users. Table 1 shows the research that couples the CFD and machine learning 

approaches. 

 

 

 



Table 1. Summary of existing studies using DL models and CFD in a built environment 

Ref 

DL 

models 

CFD 

turbulence 

model 

Configuration Purpose of work Research gap 

(Q. Zhou & 

Ooka, 2021a) 
NN RANS   k-  2D-room 

This study focuses on developing a fast and accurate prediction 

model for internal airflow patterns and temperature 

distributions using a neural network (NN). The NN model is 

trained, validated, and tested using the CFD database. 

The research gap in this paper is the need for a more 

comprehensive investigation into the selection and 

customization of preprocessing methods for neural networks in 

indoor environment prediction and the potential extension of the 

study to address complex three-dimensional scenarios and other 

factors affecting indoor air quality and thermal comfort. 

(Q. Zhou & 

Ooka, 2021b) 
NN RANS k− 3D-room 

This study aims to validate the viability of NN for fast and 

accurate indoor airflow prediction by extending previous 

experiments from 2-D to 3-D indoor environments, thus 

providing more realistic settings. 

The limitations of this paper include a relatively small and 

possibly non-representative testing dataset, sensitivity to 

hyperparameters, and the absence of in-depth exploration of 

real-world applications and robustness to noisy data. 

(Q. Zhou & 

Ooka, 2022) 
NN 

Laminar 

calculation 
Test room 

This study introduces a novel linked simulation framework for 

rapid building energy simulation, considering the non-uniform 

indoor climate. The framework integrates a NN model with a 

Modelica-based energy simulation tool, enabling quick 

prediction of indoor air distribution. 

The limitations of this paper include limited testing cases, 

potential hyperparameter sensitivity, challenges related to the 

assumption of linear superposition, the complexity of data 

synchronization, lack of real-time application testing, limited 

real-world validation, dependency on training data quality, 

potential hardware and software dependencies, and a lack of 



comprehensive comparisons with other surrogate models or 

methods. 

(Tian et al., 

2022) 
BP (ANN) RNG k- 

Typical 

consultation 

room 

This study aims to predict indoor environment indicators at 

different elevations, intending to provide healthy stratified 

environments using data from traditional building management 

systems. Additionally, the study considers cooling and heating 

conditions in a consulting room with lateral air intake. 

The limitations of this paper include reliance on ANN models, 

which may not capture all complex factors in stratified indoor 

environments, potential oversimplification of inputs and 

assumptions (e.g., using only air supply and exhaust 

temperatures), a focus on prediction rather than system 

optimization, and a lack of exploration of other data-driven 

models or comparison with alternative methods for predicting 

indoor environment indicators. 

(Cheng et al., 

2022) 

GA, 

KNN 

N/A 
Commercial 

building 

This article showcases the deployment of sensors for thermal 

comfort and indoor air quality using Building Information 

Modeling (BIM), CFD, and Genetic Algorithm (GA). The study 

develops a general procedure for fitting sensors that measure 

temperature and CO2, which is critical to ensuring thermal 

comfort and indoor air quality. 

The limitations of this paper include simplified occupant 

representations, the exclusion of insulation effects, steady-state 

simulations, limited consideration of tenant areas, a focus on 

CO2 and temperature, a single optimization algorithm, limited 

generalizability, unverified assumptions about MVAC systems, a 

narrow scope of scenarios and parameters, a lack of field 

validation, and the need for further exploration of various 

pollutants and machine learning algorithms. 

(Gheziel et 

al., 2022) 
ANN 

Standard k- 

model 

a scaled test 

chamber 

The ANN model in this study is developed through network 

learning using an experimental database. Its primary objective is 

to achieve a more precise indoor particle concentration 

distribution smoothing. The ANN model is compared to the CFD 

The limitations of this paper include a reliance on an artificial 

neural network model without extensive experimental 

validation, a narrow focus on fine particle distribution, and a 



approach, employing identical assumptions and flow regimes to 

assess its performance. 

simplified representation of indoor air quality parameters and 

geometry. 

(Q. Zhou & 

Ooka, 2020) 
DNNs RANS k- 2-D office room 

This work aims to investigate the viability of DNN in quickly and 

accurately predicting indoor airflow distribution using a two-

dimensional isothermal example. DNN is employed to predict 

isothermal air flows based on a CFD database. The performance 

of the DNN model on predictions of training instances and test 

cases is compared to study the influence of DNN architecture. 

The limitations of this paper include its reliance on simplified CFD 

simulations without experimental validation, a narrow focus on 

specific DNN architectures, sensitivity to input ranges and 

resolutions, and the omission of real-world complexities, 

potentially limiting its generalizability and practical application. 

(Warey et al., 

2020) 

LRWSGD, 

RF, 

ANN 

RANS    k- The vehicle cabin 

In this study, a data-driven tool is developed utilizing high-fidelity 

CFD simulations and machine learning algorithms. The device 

predicts occupant thermal comfort for various combinations of 

glazing grades, environmental conditions, and HVAC settings on 

each window surface. 

The limitations of this paper include potential software-specific 

biases in modeling, the absence of validation against real-world 

vehicle data, neglect of transient conditions, and the inability to 

account for individual passenger comfort preferences. 

Note: LR = Linear regression with stochastic gradient descent; NLR = Non-linear regression; RF = Random forests; ANN = Artificial neural network; CNN = Convolutional neural network; DNN = Deep neural network; GA 

= Genetic Algorithm; BPNN = Backpropagation Neural Network; NN = Neural network; KNN = k-nearest neighbors. 



This research aims to enhance the prediction capability of a black-box model by employing DNNs 

to approximate and evaluate temperature and velocity in residential buildings. The data utilized 

for this purpose is obtained from CFD simulations, with the airflow distribution being derived 

from the Reynolds-Averaged-Navier-Stokes (RANS) equations and the k –  turbulence model 

using the open-source software OpenFOAM 8.0 (Greenshields, 2021). In this study, we propose 

a novel approach that couples ML with CFD techniques, making the following significant 

contributions: 

• A state-of-the-art DNN surrogate model for CFD, meticulously crafted to cater specifically 

to the intricacies of multi-storey residential buildings with non-uniform steady-state 

flows. This specialized model fills a critical gap in the field, addressing the unique 

challenges posed by complex indoor environments. 

• The research offers a comprehensive solution encompassing the entire spectrum of 

indoor airflow prediction, including the velocity field and temperature field components. 

This all-encompassing approach, which incorporates velocity, temperature, and pressure, 

holds paramount significance for engineers and researchers focused on developing 

building sensors. It equips them with the tools needed to efficiently interface with 

outdoor environmental flows and facilitate the movement of particles from outdoor to 

indoor spaces, thereby advancing the state of the art in environmental sensing. 

• A significant breakthrough lies in the substantial reduction of computational time 

achieved by the DNN model in forecasting testing scenarios. In direct comparison to the 

traditional CFD approach, the DNN model not only maintains high prediction accuracy but 

also demonstrates remarkable computational efficiency. This efficiency enhancement has 

far-reaching implications for practical applications, promising both swift and precise 

indoor airflow predictions, ultimately advancing the frontier of research in this field. 

 

Methodology 

 

In the initial phase, conducting CFD simulations under various operational scenarios and 

subsequently comparing the obtained results. Furthermore, the data generated from the CFD 



simulations played a crucial role in training the DNN model. Figure 1 illustrates the 

interconnected CFD-based DNN model, a two-step process. In the first step, the CFD simulation 

process involves configuring an initial model with geometric construction. Subsequently, data 

extraction is performed to generate input data for the DNN model during the post-processing 

phase. The second stage features the DNN model, primarily composed of pre-processed CFD 

simulation data within both training and testing datasets. Following the training phase, 

predictions were executed using the DNN model and then validated by comparing them to the 

results obtained from the CFD simulations. Notably, the DNN model incorporates an input layer 

encompassing key parameters, namely, inlet velocity, inlet/outlet temperature, and wall 

temperature, and utilizes the Adam optimizer as part of its loss function. Subsequent subsections 

describe in more detail the steps taken to fulfil the study aims previously mentioned. 

 

Figure 1. Schematic diagram of the coupling of a CFD-based DNN model  

 

Generic space  
 

The generic space used in this study consists of a residential building with the following 

dimensions: L x W x H = 9m x 9m x  17.7m. This building comprises six storeys, and each floor 

includes a corridor and six rooms, each with dimensions L x W x H = 3m x 3.6m x 2.9m. Each room 



has one window, measuring W x H = 1.5m x 1.5m. Additionally, the corridor windows have 

dimensions W x H = 0.9m x 1.5m, with two windows on each floor. As shown in Figure 2, the 

residential building was generated on Rhinoceros 7 software (Associates, 2008). 

 

  

(a)                                                                       (b)                                                (c) 

 

Figure 2. Geometrical dimensions of the residential building; (a) cross-section of the residential 

building; (b) window at each room; (c) window in the corridor. 

  

CFD modelling 

Governing equations and turbulence models 
 

The airflow within the computational domain is modelled for the incompressible fluid phase, and 

the governing equations for mass and momentum are expressed as follows (1) and (2). 
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In the context of the equation discussed, the variable ν represents the kinematic viscosity, Sij 

corresponds to the strain–rate tensor, p donates the mean pressure, ρ represents the air density, 

𝑢′ represents the fluctuating velocity component and 𝑢̅𝑖 denotes the ensemble-average velocity. 

' ' 2
2

3
i j t ij iju u v S k− = −         (3)   

 

In the considered framework, the variable k represents the turbulent quantity, δij  represents 

the Kronecker delta, and the turbulent or eddy velocity (νt) is determined using the RANS model 

for eddy viscosity modelling. 

  

The power law has been applied to the inlet by defining the atmosphere boundary condition. 

*

0

( ) ln
u z

U z
k z

 
=  

          (4) 

3
(z) (U(z).T )

2
ik =

        (5) 

3/2
3/4(z)

t

k
C

l
 =

        (6) 

 

In the given equations, U represents the mean wind velocity, y denotes the height, and u* refers 

to the atmospheric boundary layer (ABL) friction velocity (u* = 2.89 m/s). The von Karman 

constant, denoted as k, is taken as 0.415. Equations (5) and (6) represent the turbulent kinetic 

energy and dissipation rate, respectively. The model constant 𝐶µ is assigned a value of 0.09. The 

initial boundary conditions were measured for the simulations and presented in Table 2. To cover 

a range of typical scenarios, the ratios between intake velocity and temperature values were 

adjusted for each case, including 29 cases for analysis and evaluation (see Table 3). The Reynolds-

averaged Navier-Stokes (RANS) simulations for indoor airflow distribution in a multi-story 

residential building designed for natural ventilation. The inlet velocity values were set to a 



minimum of 2 m/s across all scenarios, ensuring that the flow field exhibited Reynolds number 

independence. This approach focuses on the relative airflow velocities at the inlets, reducing the 

number of cases required to construct the database while maintaining the integrity of results.  

 

Table 2. Details of CFD simulation setting 

Computational domain 256.8m x 150.6m x 88.5 m (L x W x H) 

Algorithm Steady-state with a SIMPLE algorithm 

Grid design 5.2 million elements (hexahedral meshes) 

Turbulence model RNG k –  model 

Inflow 

Power law for velocity and turbulent intensity 

3/2
3/4(z)

t

k
C

l
 =

 

Outflow Fixed static pressure 

Top and lateral Symmetrical boundary 

Building wall and ground 

surface 

Power law for smooth surface wall, Standard wall 

function 

 

When applying CFD for natural ventilation calculations, selecting an appropriate turbulence 

model significantly influences simulation accuracy and necessitates careful consideration. CFD 

commonly employs the RANS equations or Large Eddy Simulation (LES) (Blocken, 2018). The 

RANS equations are often coupled with two-equation turbulence closure models, such as the 



standard k -  model (SKT), the realizable k -  model (RLZ), and the renormalized group k -  

model (RNG) (Blocken, 2014, 2018; Q. Chen, 2009). RANS simulations have investigated factors 

affecting natural ventilation, including building geometry, ventilation apertures, ambient wind 

speed, wind direction, and simulation parameters like domain size, grid resolution, and 

turbulence closure model selection (Ai & Mak, 2014b; Cheng-hu et al., 2016; Derakhshan & 

Shaker, 2017; van Hooff et al., 2017). RANS simulations are computationally efficient, require less 

time, and offer greater adaptability (Blocken, 2018). However, they do have certain limitations 

that may compromise accuracy. Notably, RANS cannot resolve fluctuating flow variables, 

necessitating the exclusion of turbulent components from the simulation (Ai & Mak, 2014b, 

2014a; Caciolo et al., 2012; van Hooff et al., 2017). Additionally, two-equation turbulence closure 

models often struggle to capture vortex shedding accurately, leading to over-prediction of 

turbulent kinetic energy around the stagnation point and flow recirculation near the simulated 

building (Blocken, 2018). LES can be employed to address these limitations, which explicitly 

models turbulence and provides more realistic flow data, including flow intermittencies and 

separations around the building. LES can resolve governing equations for eddies larger than the 

subgrid-scale (Sørensen & Nielsen, 2003). However, LES requires additional computation, making 

it less widely used than RANS. Its applications are typically limited to investigating how building 

geometry, orifice locations, and computational settings influence the natural ventilation rate (Ai 

& Mak, 2014b, 2014a; Caciolo et al., 2012; Evola & Popov, 2006; Jiang & Chen, 2002; van Hooff 

et al., 2017; Wang & Chen, 2012). 

 

 

Table 3. Case Setting and database. 

Training Case 

No Velocity inlet (m/s) Temperature (0C) 

1 2 28 

2 2 10 

3 2 14 

4 2.5 17 



5 2.5 23 

6 2.5 30 

7 2.8 34 

8 2.8 31 

9 2.8 13 

10 2.8 29 

11 2 21 

12 2 8 

13 2 11 

14 2 18 

15 2 37 

16 2 12 

17 2.89 33 

18 2.89 26 

Test case 

No Velocity inlet (m/s) Temperature (0C) 

1 2.89 22 

2 2.89 15 

3 2.89 27 

4 2.89 36 

5 3 19 

6 3 24 

7 3 32 

8 3 35 

9 3 16 

10 3 25 

11 3 20 

 

 



Grid design 
 

The residential building model is located inside a computational domain with distances from their 

inlet, outlet, and the boundary of lateral (left and right) to their nearest surfaces of 4H, 10H, and 

4H, respectively, and the height of the computational domain is 5H, shown in Figure 3. 

 

 

(a) Computational domain                 (b) Residential building 

Figure 3. The residential building 3D model 

A 3D grid is very significant to get reliable and accurate CFD results. The structure grids were 

created to represent the shape of the computational domain by using OpenFOAM (Greenshields, 

2021). The meshing generation consists of the following steps. First, the 3D model was 

constructed and exported in STL (stereolithography) file format on Rhinoceros 7 software 

(Associates, 2008). The next step was to build a computational domain surrounding the 

residential building and create an initial background mesh using the OpenFOAM blockMesh 

utility. The third step was to split cells at building walls and in regions of interest using the 

SnappyHexMesh utility of the OpenFOAM. The final step was to check the mesh quality and 

delete bad-quality cells no longer refined. The computational grid was fully structured, being 

more refined near the area of interest, the immediate surroundings of the building model. The 

computational grid is a structure grid, and the site of the target building was refined. Minimum 

and maximum layer thickness were 0.01 and 0.3, respectively, with an expansion ratio of 1.1, 



guaranteeing a smooth transition from fine mesh near the wall surfaces and avoiding significant 

aspect ratios that can compromise convergence., as shown in Figure 4. 

 

 

 

                                     (a)                                                                                                   (b)  

Figure 4. Structure hexahedral finite-volume mesh of the residential building: (a); (b) horizontal 

plane at z=1.5 m 

 

 

CFD Simulation validation 

 

The velocity components predicted by the RANS model were compared to experimental findings 

to illustrate the accuracy of the numerical simulations. The flow condition and building size were 

based on Di Mu et al. (Mu et al., 2016)  wind tunnel experiment, which employed a wind tunnel 

to determine the velocity field within a multistory residential building. The 1:30 scale replicates 

the full-size model's width, length, and height. The simulation results and normalized velocity 

U/Uref distribution data on a cross-measurement line are shown in Figure 6. The blue rhombus 

symbols indicate Di Mu et al. (Mu et al., 2016). The solid green line represents the simulation 

results.  

 

The velocity profiles and streamwise positions were also compared in this investigation, as shown 

in Figure 6. The velocity profiles predicted by CFD on the upstream side of the building (Lines 1 



and 2) accorded exceptionally well with the experimental results. However, CFD could not obtain 

accurate simulation results with experimental measures downstream from the building model 

(Line 3). According to Jiang and Chen (Jiang & Chen, 2001), only LES can produce an accurate 

forecast. At the same time, Alloca (Allocca, 2001) found that CFD using the RANS turbulence 

model could not predict the velocity distribution effectively for the wake zone behind the building 

model. The mean absolute divergence between simulation and experimental data for the whole 

section is 0.090. The comparison demonstrates that the velocity findings coincide with the data 

from the reference research, indicating that CFD can recreate the velocity trend. 

 

 

 

(a) Line 1 

 

(b) Line 2 



 

(c) Line 3 

Figure 6. Comparison between CFD predictions (solid line) and experimental measurements 

(dotted line) of velocity profiles along different sections of the model (Lines 1–3) 

DNN model and optimization 

 

The DNN model, an evolution of ANN, possesses a more intricate architecture that enables the 

creation of complex mapping functions from input to output data (W. Liu et al., 2017). A 

feedforward DNN consists of an input layer, multiple hidden layers, and an output layer. Each 

layer houses one or more neurons, and these neurons establish connections with neurons in both 

the preceding and subsequent layers. In the forward pass process, a neuron takes inputs from 

the previous layer, applies a nonlinear activation function to these inputs, and then transfers the 

results to neurons in the following layer. Equation 7 is commonly employed to compute a 

neuron's output. Using nonlinear activation functions allows DNNs to handle highly nonlinear 

relationships between input and output variables. During the training phase, the weights and 

biases of each neuron are iteratively adjusted until optimal values are achieved. Error 

propagation (loss) plays a crucial role in this process, wherein the discrepancy between expected 

and actual values is propagated to the layers above. Various techniques, such as gradient descent 

approaches, optimize the weights and biases. The application of DNN designs has garnered 

significant attention and has led to groundbreaking achievements, particularly in computer vision 



tasks (Jogin et al., 2018). Notably, the scope of DNN's application extends beyond image-type 

data and encompasses time-series data as well (Li et al., 2017): 
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Where xi represents i input of the neuron (the output of a neuron of a previous layer), wi is the 

weight between the two neurons, b is the neuron's bias, and f represents the activation function. 

 

R2, MSE, and MAE error measures to assess and compare the performance of the developed 

algorithms. They may be summed up as follows: 
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Three fitness metrics, namely R2 (coefficient of determination), RMSE (root mean square error), 

and MAE (mean absolute error), were utilized to assess the model predictions against the actual 

output. The model predictions are represented by 𝑦̂, and the actual output is denoted by 𝑦, while 

𝑦̅  signifies the output mean, and m is the number of samples. R2 involves normalizing the mean 

error, making it widely used in the literature for regression-type prediction tasks, including indoor 

temperature prediction. The output of R2 ranges between 0 and 1, with a value of 1 

corresponding to a perfect prediction. On the other hand, RMSE considers the squared error 

term, making it sensitive to extreme values and facilitating the evaluation of outlier predictions 



and their effects. Meanwhile, MAE provides a direct comparison of performance without 

emphasizing severe errors. Additionally, since MAE considers differences between actual and 

predicted values directly, it does not downplay values that may lie between 0 and 1, as observed 

in the RMSE calculation. By employing these three fitness metrics, a comprehensive and in-depth 

analysis of the results was conducted, facilitating a more thorough interpretation of the 

predictive model's performance. 

 

 

Figure 5. Outline of DNN model 

 

This study employs a deep learning model with hidden layers and a feedforward architecture 

(Figure 5). The input layer receives the input vector and external environmental circumstances, 

while the output layer generates the temperature and velocity data. Neurons in the layer above 

process signal from the layer below and transmit them onward. The resulting output vector is 

converted into temperature and velocity tensors, representing the building's three-dimensional 

temperature and velocity distributions. Experimental results are the basis for most boundary 



conditions and are consistently maintained across various scenarios. Hyperparameters in DNNs 

encompass critical parameters such as the number of hidden layers, neurons within each hidden 

layer, activation functions, learning rates, and gradient descent algorithms. In this study, we 

employed Grid Search, an optimization technique, to meticulously fine-tune these 

hyperparameters (Courville, 2016). Our approach involved training DNNs across various 

combinations of this finite set of hyperparameters, subsequently selecting the optimal 

configuration based on validation loss. We thoughtfully defined a compact search space for 

hyperparameters, balancing the pursuit of accuracy with computational efficiency during the 

Grid Search algorithm implementation. Detailed hyperparameter settings are provided in Table 

4. 

 

 

Table 4. Hypermeter setting for DNN. 

Number of hidden layers 1/3/5 

Number of neurons per hidden layer 20/40/80/120/200 

Activation function Tanh 

Gradient descent algorithm Adam 

Learning rate 0.001 

Batch size 1 

 

 

Determining when to stop training is crucial in the training process due to its nonconvex and 

iterative nature. The training is considered complete when the monitored metric, i.e., the 

validation error, ceases to decrease consecutively for 5000 epochs. At this stage, the training is 

deemed to have reached convergence. Following termination, the parameters at the early-

stopping point are retrieved. Subsequently, the DNN model undergoes testing using the testing 



data for performance evaluation. Table 4 presents the statistical performance of the velocity and 

temperature forecasting model. 

 

Results and discussion 

DNN model performance 

 

The CFD model for cross ventilation was developed based on the arrangement of a six-storey 

building driven by buoyancy effects, with adjustments made to match the experimental 

conditions (refer to Fig. 2). To maintain the flow around the building; the wind profile intake was 

positioned at five-building heights (5H) in front of and on each side of the building, ensuring that 

the outer domain did not interfere with the airflow patterns. An area four times the block's height 

was considered to accommodate the recirculation zone around the three-dimensional block. The 

outlet was strategically positioned at ten building heights (10H) downwind of the building to 

prevent flow disruption. Additionally, an upper barrier unaffected the airflow, positioned at four-

building heights (4H) above the building. 

 

The primary objective of this study is to predict the airflow distribution within residential 

buildings, assess its influence on comfort conditions, and mitigate indoor air pollution. Upon 

analyzing the airflow patterns in the rooms of the residential building, it is evident that 

inadequate airflow exists, particularly in the bedroom, where airflow enters from multiple 

directions. Properly designed ventilation systems can play a crucial role in reducing indoor air 

pollutants and enhancing overall indoor air quality. The case shown in Figure 7, demonstrates 

airflow distribution of CFD simulation and DNN predictions, the air temperature near external 

and internal wall openings is determined to be 30°C and velocity inlet to be 2.5m/s. 

 

In Figure 7(b), the airflow pattern on a horizontal plane within the building model at an 

intermediate height (4.5 m above the floor) is depicted when the wind direction is typical to the 

window and a door is opened. The airflow patterns observed during cross-natural ventilation 



mode under average wind direction revealed notable convolutions, particularly on the indoor 

and leeward sides of the structure. The airflow penetrated directly through the windows and 

doors of the building units, generating multiple vortexes in the corridor and leeward side 

surrounding the apertures. Additionally, the walls obstructed the airflow, leading to circulations 

throughout the room. Subsequently, the deep learning model findings (Figure 7(b)) showcased a 

similar flow pattern trend, with minor differences in the recirculation details deemed acceptable. 

The wind direction plays a crucial role in modifying the pressure differential between the two 

openings, thereby influencing the ventilation pace throughout the building. The effect of wind 

direction on the ventilation rate should be predicted using design tools. A comparison of the 

ventilation rate calculated by CFD to that obtained through the deep learning model 

demonstrated that the ventilation rate was maximized when the wind direction was normal to 

the window opening. The DNN successfully predicted this pattern, and the computed ventilation 

rate agreed with the CFD simulation result. Hence, the DNN model proved effective in forecasting 

the impact of wind direction on natural ventilation. 

 

Figure 7(c) illustrates the efficient indoor temperature distribution within the room. The static 

temperature within the indoor spaces of the building exhibits fluctuations ranging from 298°K to 

313°K. Notably, the air temperature near external and internal wall openings is determined to be 

30°C. The temperature increase within the large central part of the cavities is attributed to 

natural convection. Furthermore, the temperature distribution is influenced by strongly directed 

advection. The wind direction was identified as a critical factor, as the volume-weighted average 

accuracy findings indicated minimal temperature variation between the floors. Moreover, the 

accuracy of the measurement points was also considered insignificant. 

 

Figure 7(c) compares the estimated temperature profiles obtained from the CFD simulation and 

the DNN model at a height of 4.5m to analyze the temperature distribution within the buildings. 

Both the CFD simulation and the DNN model successfully predicted the presence of heat 

stratification. The temperature distribution generated by the DNN model exhibited a relatively 

close agreement with the findings from the CFD simulation. Additionally, the DNN model 



accurately predicted that the most significant thermal stratification occurs near the walls, 

consistent with the results of the CFD simulation. Furthermore, Figure 7 presents the 

temperature fields obtained from the CFD simulation and the DNN model, the temperature field 

predicted by the DNN model and the percentage error between them. Notably, the figure 

demonstrates that the error varies within a narrow range of 0.3 per cent, indicating the DNN 

model's capability to effectively capture the complex nature of the indoor temperature 

distribution. Consequently, the model holds promise for anticipating various scenarios in the 

indoor built environment. 

 

(a) Cross-section location in buildings 

 

 

  

 

(b) Velocity distribution 

CFD simulation  Deep learning model  



  

 

(c) Temperature distribution 

Figure 7. Comparison between CFD simulation (buoyant SimpleFoam) and deep learning 

prediction, showing both velocity and temperature fields in buildings (floor 3) 

 

Figure 8 illustrates the agreement between the CFD findings and DNN predictions (indoor velocity 

and temperature) on the training dataset. Most airflow velocity and temperature values from the 

CFD simulations align with those from the deep learning predictions. The DNN model can 

reprogram the airflow field for the examples in the training dataset effectively. However, on the 

test dataset, the scatter distributions are less compact than the DNN model training dataset, 

consistent with the observations in Figure 7. This indicates relatively minor discrepancies in the 

test case predictions compared to the training case predictions. Despite this, it suggests that the 

DNN outperforms the test dataset compared to the training dataset. Additionally, it is 

noteworthy that the consistency of the DNN's velocity and temperature data is comparable to 

that of the CFD results. 

 

The figure demonstrates that the relative error for the forecasted velocity and temperature is 

less than 0.5 per cent, indicating the DNN model's capability to capture the variance in velocity 

and temperature accurately. The relative error is approximately 5 per cent, with a few outliers 

exhibiting near-zero void fractions. Based on the previously mentioned morphological 

parameters, we developed the DNN prediction model. Various architectures with neuron counts 

ranging from 20 to 200 were evaluated regarding R2, RMSE, and MAE, using train-test ratios of 



70% (Table 5). The figure also indicates that the DNN model can successfully predict subcooled 

boiling regimes, closely aligning with the CFD values. The results in Table 5 display the model's 

exceptional fit with the validation data, as evidenced by the minimal RMSE value. 

 

To quantify the difference between CFD simulations and DNN predictions, Eq (11). defines an 

evaluation criterion, namely the relative error. 
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where 𝑦̂𝑠 is the DNN prediction value at one place, ys is the CFD real value at the same point, and 

s is the location. 

 

The DNN models are known for their computational efficiency, allowing for the exclusion of 

computation time from the model evaluation. Figure 9 shows the DNN's accuracy in training and 

validation procedures based on the Mean Absolute Error (MAE). The DNN model demonstrates 

precise predictions of indoor airflow on the test dataset. However, it is essential to note that 

none of the DNN models exhibited excessive accuracy on the training dataset, suggesting their 

ability to adapt to new design inputs for accurate ventilation rate predictions. The statistical 

analysis of the velocity and temperature forecasting model can be found in Table 5. 

 

Figure 10 illustrates the quantified relative errors derived from DNN predictions on the test 

dataset. These relative errors exhibit varying degrees of increase, with the DNN model displaying 

mean relative error values exceeding 6%, surpassing those observed on the training dataset. 

Furthermore, notable variations in relative error for the DNNs are evident. While achieving 

consistent performance between test and training datasets would be ideal, it is essential to 

acknowledge that performance degradation on test datasets is an inherent challenge. Essentially, 

the DNN has already acquired a deep understanding of the airflow patterns within the training 



cases. Therefore, when predicting test cases, it leverages the learned mappings from the training 

phase to anticipate airflow patterns in unfamiliar scenarios, resulting in larger prediction errors 

for the test cases compared to the training cases. 

 

 

 

(a) Indoor air velocity                               (b) Indoor air temperature 

Figure 8. Correlations between CFD simulation results and deep learning predictions 

 

 

Figure 9. The MAE-based DNN model training procedure 

 

 



 

Figure 10. Relative error of DNN model 

 

Table 5. The performance of the developed predicting models 

Model U T 

 
DNN 

Train Test Train Test 

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

0.98 0.04 0.03 0.89 0.14 0.1 0.97 0.1 0.08 0.90 0.24 0.19 

 

 

Computational time 

 

Computational time plays a crucial role in assessing the efficiency of the prediction models. This 

study compared the CPU-CPU time for a fair evaluation since GPU reference time measurements 

were unavailable. We considered the average solution time to account for variations in CFD 

solution durations due to pressure-velocity coupling features. Increasing the batch size minimally 

affected the CPU run speed. Still, we also evaluated GPU evaluation durations, as machine 

learning models can be executed on GPUs, leading to varying forecast timeframes based on the 

batch size. 

 



Apart from prediction accuracy, calculation time is an essential factor to consider. The 

computation time in our study refers to the total time spent predicting temperature and velocity 

distributions for the 29 testing instances. For CFD simulations, the calculation time is simply the 

time it takes to run the simulations. In contrast, for the DNN model, the calculation time includes 

the time spent creating training data and conducting DNN training. The DNN model takes less 

than a second to provide the expected values and is negligible during computation. CFD 

simulations were performed for various scenario cases on the hardware platform (Linux with an 

Intel Core i9-10900X CPU 3.70GHz). When utilizing multiple cores and processors in parallel, it 

took approximately 20 hours per case, nine times faster than a single CPU. 

 

Conversely, DNN installation and training required around 5 hours to train the model. Figure 11 

compares the computation time for predicting the 29 testing scenarios between the DNN model 

and CFD. While CFD took approximately 8 hours for the 29 testing instances, the DNN model 

resulted in an 80% decrease in overall time compared to CFD simulations. The term 'quick' 

reflects this speed improvement in two ways: first, the time consumption for CFD simulations 

significantly decreased due to fewer examples used for training data, and second, the well-

trained DNN accurately predicts unknown scenarios instantaneously. 

 



 

 Figure 11. Comparison of computation time for predicting cases between Deep learning 

model and CFD simulation 

 

Future work and conclusions 

 

This article established a framework for systematizing studies of a building's wind-driven natural 

ventilation potential through CFD simulation and a deep learning model. The study proposed 

using numerical simulation and deep learning models for either building design or assessment by 

integrating available programs and providing bespoke features. As a baseline, a full-scale test 

home was employed. As a reference, its geometry and the climatic conditions of its location were 

established, and air velocity measurements within the experimental home served as validation 

data. 

 

This study aimed to forecast indoor airflow and temperature dispersion using a DNN. DNN model 

architectures were built with this in mind. DNN depicts a DNN that simultaneously predicts 



velocity and temperature values for the entire domain. DNN prediction performance was 

evaluated using both the training and test datasets. For evaluating DNN prediction performance, 

the relative error between CFD simulation results and DNN predictions was utilized as an 

assessment criterion. In the training dataset, the relative errors of DNN predictions varied 

somewhat. The study presents a data-driven approach that combines CFD simulations with 

machine learning techniques to predict indoor airflow in multi-storey residential buildings. The 

quantitative findings demonstrate the DNN's ability to accurately forecast indoor airflow patterns 

and temperature distributions. Notably, the DNN model outperforms traditional CFD simulations 

by achieving an 80% reduction in computational time for predicting testing scenarios. This 

research highlights the feasibility and effectiveness of our data-driven approach, offering swift 

and precise indoor airflow predictions in naturally ventilated residential buildings. These 

predictive models have the potential to significantly enhance indoor air quality, thermal comfort, 

and energy efficiency, contributing to sustainable building design and operation. 

 

Meanwhile, DNN maintained its accuracy. Finally, for each example, the prediction speed of a 

well-trained DNN is much quicker than CFD simulation. DNN has been promising for speedy and 

accurate indoor environment prediction in practical applications. Although low Reynolds number 

flows are generally suitable for many domains, such as architectural design, higher Reynolds 

number flows should be investigated to expand the technique to additional areas of design 

optimization. It would also be essential to examine whether the findings of our approximation 

models may be used as a warm-up setting for high-accuracy CFD simulations. The number of 

iterations necessary to connect to steady-state might be significantly decreased because the 

forecasts are near approximations of the final, wholly converged outcomes. As a result, classic 

CFD approaches with excellent accuracy might be made to assemble significantly faster. 

 

In terms of future work, the stage has been set by this study for several promising research 

directions. Firstly, the need for practical application is highlighted, involving field studies to 

validate and fine-tune our data-driven predictive models in real-world multi-storey residential 

buildings, considering various environmental conditions and architectural configurations. 



Secondly, the applicability of our approach to a broader spectrum of flow conditions, including 

higher Reynolds numbers, is to be explored in further investigations. Additionally, the potential 

for integrating our data-driven models with building management systems (BMS) is recognized 

for enabling real-time indoor airflow predictions and energy-efficient building operation. 

Efficiency gains are another area of focus, with ongoing research aimed at optimizing 

computational speed while maintaining accuracy. Furthermore, the expansion of the reach of our 

approach beyond residential settings to domains like urban planning, industrial facilities, and 

healthcare environments is warranted. Lastly, addressing limitations, such as the need for 

extensive training data and model generalization, remains integral to the advancement of the 

practicality and effectiveness of our predictive models. In summary, the study presents a 

roadmap for future research that encompasses practical application, model robustness, BMS 

integration, computational efficiency, multi-domain versatility, and continuous efforts to 

overcome limitations in indoor airflow prediction for sustainable building design and operation. 
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Appendix A 

Grid independence test 

In addition, this study tested grid results that differed considerably with more satisfactory grid 

resolutions. To achieve good results, we have carried out a grid-independent check consisting of 

three types of grid, coarse grid (1.1 million elements), medium grid (3.3 million elements) and 

fine grid (5.2 million elements) by changing the number of refinement levels. The results of the 

grid independence check with scalar velocities along Line 3 for the three meshes are shown in 

Figure A1. It was confirmed that there was a critical In the initial phase, conducting CFD 

simulations under various discrepancy between the results using the three types of gird design. 

Furthermore, given the relatively minor difference observed between the fine and medium grids, 

opting for the medium grid configuration proves to be a judicious choice as it offers 

computational time savings without compromising the quality of our results. 

 

 

Figure A1. Grid independence testing based on velocity profile at Line 3 
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