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 This study investigated sarin gas dispersion in an indoor environment 

using transient three-dimensional Computational Fluid Dynamics 

(CFD) and Artificial Neural Network (ANN) approaches. To achieve 

this, the CFD model was first verified and validated. Then, random 

locations in the indoor environment were considered as inlets of airflow 

with sarin gas, and the dangerous times were calculated using the CFD 

model. Finally, these results of the CFD model were used as inputs to 

train the ANN model. The results of this study demonstrated that the 

present model exhibited strong agreement with experimental data. Also, 

the results of training the ANN showed that for all sections, the training, 

validation, and testing data and model results were consistent with a 

high R-squared value. Moreover, the results of different air inlet 

locations showed that if the air inlet was placed in the corner sections 

of the indoor environment, the danger time increased. Additionally, if 

the air inlet was placed near the open region, the danger time also 

increased, which is an important result for designing indoor 

environments. 
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1. Introduction 

Chemical warfare agents (CWAs) are stored in 

substantial quantities worldwide. It is crucial 

to swiftly destroy agents kept in remote or 

hard-to-reach facilities without causing the 

compounds to spread to surrounding areas [1-

5]. The global threat of chemical warfare 

agents, especially the nerve agent sarin (RS-

propan-2-yl methylphosphonofluoridate), has 

spurred researchers to innovate in detection 

techniques, stockpile destruction, and area 

decontamination. Ensuring the safety of 

military and civilian populations is the 

ultimate objective. To effectively counter 

sarin, a thorough understanding of its 

interactions with various surfaces is essential. 

However, due to sarin's extreme toxicity, 
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experiments are predominantly conducted 

with safer and less toxic substances [6-10]. 

Zhuo et al. [11] used CFD to study the three-

dimensional distribution of hazardous gases. 

Their simulation results showed that in a 

naturally ventilated room, the gas distribution 

was homogeneous except near the air inlet 

locations. Chauhan et al. [12] studied indoor 

gas distribution using CFD modeling in a 

naturally ventilated living room. The study 

aimed to predict activity levels and examine 

the effect of natural ventilation on indoor 

radon levels. The simulation results were 

found to be comparable with the measurement 

results. Parkash et al.[13] discussed the 

implications of CFD model for studying 

indoor environments, and reviewed widely 

used CFD models for gas dispersion. They 

emphasized CFD's role in assessing indoor 

hazards and identified areas needing further 

research. Hossaini et al.[14] used CFD to 

model sarin gas dispersion in a subway station, 

examining scenarios with and without a train. 

Their results showed that without a train, sarin 

levels reached lethal concentrations (8.9 

mg/m³ ³) within 20 minutes. However, the train 

piston effect significantly reduced the sarin 

dose to 25 mg /m³, emphasizing the critical 

role of ventilation and timely response. 

Faugier et al. [15] utilized CFD to develop 

numerical models of existing subway stations, 

incorporating several simplifying 

assumptions. The study aimed to predict the 

train-induced wind impact on airflow sources 

complicates broader applications. They 

extensively discussed the comparison between 

these numerical predictions and field tests 

conducted in an actual station. Siddiqui et al. 

[16] explored the environmental risks 

associated with the release of dense hazardous 

chemicals in indoor industrial settings. They 

developed a CFD-based model to assess the 

risk of an accidental, sustained, and undetected 

chlorine gas leak. Their simulations revealed 

that the dense chlorine gas spreads along the 

floor like a liquid and gradually increases in 

concentration away from ground level, 

indicating both stratification and dilution 

effects. Lin et al. [17] used CFD with a back 

propagation neural network to study urban 

pollutant dispersion, finding that reversed flow 

in building leeward zones hindered pollutant 

removal, while reducing gas mitigated 

hazards. Yang et al.[18] conducted CFD 

simulations to analyze wind velocity, 

temperature, and air age fields in a bedroom 

equipped with a wall-hanging air conditioning 

system during summer. Their findings 

indicated effective management of indoor heat 

load by the system, ensuring good thermal 

comfort, and moderate air speeds in activity 

areas meeting summer wind comfort 

requirements. Widiatmojo et al. [19] employed 

a CFD method to model gas dispersion within 

a subway station, incorporating discretized 

mass transfer principles based on Brownian 

movement. Their model was validated against 

tracer gas dispersion results, demonstrating 

reasonable accuracy. Dolezal et al. [20] 

utilized the AnyLogic software to construct an 

agent-based model simulating a portion of the 

1995 Tokyo subway terrorist attack involving 

sarin gas. They explored various what-if 

scenarios to identify strategies for minimizing 

losses and casualties during such attacks. 

Ahamed et al. [21] introduced a 

phenanthroimidazole-based luminogen for the 

selective detection of the sarin gas surrogate, 

diethylchlorophosphate (DCP). The 

luminogen exhibited a noticeable fluorescence 

change from blue to bluish-green under UV 

light exposure. This fluorescence shift was 

reversible when treated with triethylamine, 

both in liquid and vapor states. It demonstrated 

a low detection limit in the micromolar range. 

These properties highlight its potential as a 

portable photonic sensor for on-site detection 

of sarin gas and similar analytes. Mahato et al. 
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[22]  developed an azine-based sensor for 

detecting the sarin gas surrogate 

diethylchlorophosphate (DCP) with high 

sensitivity and selectivity. The sensor, which 

changes color on exposure to DCP and is 

reversible with triethylamine, enables practical 

applications through test kits and smartphone-

based analysis. Haziri et al. [23] investigated 

the adsorption of sarin on Carbon Nano Cones 

(CNCs) using Density Functional Theory 

simulation. Tabun showed higher adsorption 

energy and reactivity, while sarin exhibited 

greater stability with a larger HOMO-LUMO 

energy gap. The findings highlight CNCs' 

potential for selective nerve gas adsorption 

based on distinct reactivity profiles. Maiti et al. 

[24] introduced a symmetrical aza-substituted 

chromo-fluorogenic sensor for detecting sarin 

gas surrogate diethylchlorophosphate (DCP). 

The sensor exhibits a visible color shift and 

bright photoluminescence under UV light, 

with excellent selectivity and a low detection 

limit. Its practical application was 

demonstrated using test kits for on-site 

detection in solid and solution phases. 

Previous studies have examined sarin gas 

dispersion in subways and indoor spaces using 

CFD models, sensors, and absorbents for 

detection and mitigation. However, 

comprehending the impact of various air inlet 

locations for sarin gas is challenging due to the 

multiple sides and locations from which air can 

enter. It is crucial to investigate the effect of 

different air inlet locations on sarin gas 

dispersion in indoor environments.  Therefore, 

this study introduces a novel approach by 

exploring the dispersion of sarin gas at 

different airflow inlet locations. Additionally, 

this study employs a CFD model as it is safer 

and more cost-effective compared to the sensor 

and adsorption methods. Furthermore, the 

combination of the CFD model with an ANN 

provides a deeper and more comprehensive 

understanding of sarin gas behavior in indoor 

environment. 

 In this study, sarin gas dispersion and the time 

it takes for the concentration of sarin gas to 

reach 10 mg/m³ (danger time) in an indoor 

environment are investigated using a three-

dimensional CFD model and ANN 

approaches. The danger time is extremely 

dangerous and would have severely adverse 

effects on many individuals, potentially 

leading to death [14].  For this purpose, firstly, 

CFD model verification and validation are 

performed. Then, random locations in the 

indoor environment are considered as inlets of 

airflow with sarin gas, and the dangerous times 

are calculated using the CFD model. Finally, 

these results of the CFD model are considered 

as inputs for an ANN model. The ANN model 

is used to investigate dangerous times with 

different locations in the indoor environment. 

The reason for using ANN is due to the 

complexity of predicting danger time with the 

CFD model alone. The trained ANN can 

rapidly generate thousands of danger time 

predictions per second, considering various air 

inlet locations. Fig. 1 shows the flowchart of 

this study. 
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Figure 1. Flowchart of present research 

2. Method 

2.1. Physical model 

This research presents a transient three-

dimensional CFD model for simulating sarin 

gas dispersion in an indoor environment.  The 

proposed model includes the equations of 

conservation of continuity, momentum, and 

mass transfer. In this model, the flow of air 

containing sarin gas enters an indoor 

environment, and the time when the 

concentration of sarin gas reaches 10 mg/m³ is 

calculated. Since air can enter any location 

within the indoor environment, different inlet 

airflow locations are investigated.  Fig. 2 

shows the three-dimensional representation of 

the indoor environment, resembling a typical 

room with an inlet air location and an open 

region, such as below a door. The air can enter 

from five sides (top, right, left, front, and back) 

of the indoor environment. For example, in 

Fig. 2, the air inlet is from the front side and 

the open region is from the right side. In this 

study, the open region is constant and is from 

the right side of the room. 

 

 

 

Figure 2. The domain of the model (dimensions are in meters). 

CFD model verification and validation are performed. 

Randomly calculating dangerous times at different location  

The ANN model is trained using CFD data. 

Using the ANN model to predict the dangerous time at different locations. 
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2.2. Governing equations and boundary 

conditions 

The CFD model incorporates several key 

assumptions to facilitate the simulation of 

sarin gas dispersion in an indoor environment. 

The airflow, combined with the dispersed sarin 

gas, is modeled as three-dimensional to 

account for spatial variations in all directions. 

The flow is assumed to be laminar. 

Furthermore, the model considers the flow to 

be unsteady, enabling the analysis of transient 

dynamics over time rather than steady-state 

conditions. An isothermal assumption is 

applied, implying a uniform temperature 

throughout the domain and simplifying the 

simulation by excluding heat transfer effects. 

Lastly, the flow is treated as incompressible, as 

density variations due to pressure changes are 

insignificant at low velocities. According to 

the assumption, the equations of continuity, 

momentum, and mass transfer are as follows 

[25-27]: 

Continuity   

𝜌
𝜕𝒖

𝜕𝑡
+ 𝜌𝛻. 𝒖 = 0 

(1) 

Momentum  ) 

𝜌
𝜕𝒖

𝜕𝑡
+ 𝜌(𝛻. 𝒖)𝒖 = 𝛻. [−𝑝𝐼 + 𝐾] 

𝐾 = µ(𝛻𝒖 + (𝛻𝒖)𝑇) 

(2) 

Mass transfer   

𝜕𝑐

𝜕𝑡
+ 𝛻. 𝑱 + 𝒖. 𝛻𝑐 = 0 

𝑱 = −𝐷𝛻𝑐 

 

(3) 

Where u is the velocity vector, ρ is density, p 

is pressure, μ is viscosity, c is the concentration 

of sarin gas, and D is the diffusion coefficient 

of sarin gas into air. For boundary conditions, 

according to Fig. 2, the inlet of air flow for 

fluid flow considers inlet velocity, and for 

mass transfer, inlet sarin gas concentration is 

considered. For the outlet boundary, 

atmospheric pressure is considered for fluid 

flow, and a zero-gradient flux for mass transfer 

is considered. For other boundary conditions, 

a no-slip condition and no-flux are considered 

for fluid flow and mass transfer, respectively. 

For solving all equations, COMSOL 

Multiphysics (finite element method) is used. 

2.3. Artificial Neural Networks (ANN) 

This research utilizes an ANN model with a 

three-layer architecture consisting of input, 

hidden, and output layers [28-31]. ANNs are 

recognized as powerful tools for nonlinear 

regression, effectively linking input and output 

variables. The mathematical formulation of 

ANN architecture is detailed in Eq. 4.[32]: 

𝑦𝑗
𝑘 = 𝑓 {∑ 𝑊𝑖𝑗

𝑘−1. 𝑦𝑖
𝑘−1 − 𝛳𝑖

𝑘

𝑛𝑘−1

𝑖=1

} , 𝑗

= 1, 2, … , 𝑛𝑘; 𝑘

= 1, 2, … ,𝑁 

 

(4) 

 

In this equation, f represents the activation 

function, W denotes the connection weight 

factor, θ stands for the neuron threshold, n 

signifies the number of neurons, N denotes the 

total number of layers, and y represents the 

output. 

During error backpropagation, network 

parameters are adjusted progressively from the 

output layer toward the input layer. The goal is 

to reduce the overall network error to below a 

specified threshold. The gradient method is 

commonly used to update the weight factors 

and neuron thresholds. 

𝑊𝑛+1 = 𝑊𝑛 − 𝜂.
𝜕𝐸

𝜕𝑊𝑛
 (5) 

𝛳𝑛+1 = 𝛳𝑛 − 𝜂.
𝜕𝐸

𝜕𝛳𝑛
 (6) 

Here, E represents the error function, and η 

denotes the learning rate of the network.  

The input layers of the present ANN include 

the locations where the airflow containing 

sarin gas enters.  Additionally, the output layer 

represents the time when the concentration of 

sarin gas reaches 10 mg/m³.  To define the inlet 
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locations, on every side we must identify one 

point (x, y, z) of the inlet location. 

Additionally, on every side, an axis is constant. 

For instance, on the front side, x and y are 

variables and z is constant. In summary, there 

are five sides that air can enter, and every side 

has two variables. Therefore, the input layers 

of the ANN are ten. In this study, the random 

locations of inlet air on these five surfaces are 

specified, and the dangerous time is calculated 

using a CFD model. Subsequently, the results 

from the CFD model are inputted into an ANN 

for training. Furthermore, Fig. 3 depicts the 

architecture of the ANN. The inputs consist of 

10 coordinates, and the output is the danger 

time. Additionally, there are 8 hidden layers to 

achieve higher accuracy results. 

 

Figure 3. The architecture of ANN. 

MATLAB is employed for training ANNs 

using CFD results. MATLAB is used to train 

the ANN model. The workflow begins with 

preparing input data from CFD simulations, 

followed by defining network architectures 

and setting training parameters. Throughout 

the training process, the network's weights and 

biases are updated during each iteration to 

reduce the discrepancy between the actual 

target values and predicted values [28, 32, 33]. 

 

 

3. Results 

3.1. Mesh analysis 

Fig. 4a shows the unstructured mesh of the 

present CFD model. Fig. 4b illustrates three 

meshes consisting of 34,530, 73,345, and 

152,214 elements, demonstrating mesh 

independence. The investigation focuses on 

how the concentration of sarin gas changes 

over time. As shown in Fig. 4b, the 

discrepancy between meshes 2 and 3 is less 

than 0.9%; therefore, mesh 2 is used for future 

calculations. 

 
 

 (a) (b) 

Figure 4. The mesh of domain (a) and mesh independency (b) 
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3.2. Model validation 

Due to the risks associated with sarin gas 

testing, conducting an experimental study in 

this field is not recommended. Therefore, to 

validate the model, we used data from Liu et 

al.[34], which investigated air flow along with 

a tracer gas in a three-dimensional 

environment. Fig. 5a shows the changes in gas 

concentration over time for both Liu et al.'s 

data and the present model. Based on your 

results, the average relative error between the 

present model and the experimental data is 5%. 

Thus, there is good agreement between the 

present model and the experimental data. For 

further comparison, this study compares the 

results of the present model with data from 

Chauhan et al. [35], in which they investigated 

gas distribution in an indoor environment. 

Figure 5b presents a comparison between the 

CFD model results and Chauhan et al.'s [35] 

data at four corner locations and the center, all 

measured at a height of 1.22 m from the floor. 

The comparison reveals an average relative 

error of 3.3%, indicating a high level of 

agreement between the two sets of results. 

  
(a) (b) 

Figure 5. Model validation with data from Liu et al.[34] (a)  and Chauhan et al. [35] (b) 

3.3. Velocity and concentration distribution 

Figs. 6a, 6b, and 6c show the velocity 

distribution in the indoor environment when 

the air inlet is located at the top, right, and front 

sides under steady-state conditions, 

respectively. The inlet velocity of airflow is 

0.1 m/s and the inlet concertation of sarin gas 

is 1 mol/m3. In addition, in all cases, the air 

enters the middle of each section. According to 

the results shown in Fig. 6, for all sections, the 

velocity of airflow is higher in the direction of 

flow. After the airflow reaches the wall, it 

distributes throughout the indoor environment 

in all cases. Moreover, the velocity near the 

side of the inlet in all cases is lower than at 

other locations. This is an important result 

because it shows that when air flows with 

hazardous gases enter the indoor environment, 

the area near the inlet may be safer than in 

other locations. 
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(a) Top  

 
(b) Right  

 
 (c) Front 

 
Velocity (m/s) 

Figure 6.  Velocity distribution in the indoor environment when the air inlet is located at the top (a), right 

(b), and front (c) sides under steady-state conditions 

Figs. 7a and 7b show the distribution of sarin 

gas concentration at different times, with the 

air inlet positioned at the center of the top and 

right sides, respectively. According to the 

results shown in Figs. 7a and 7b, the 

concentration of sarin gas is higher along the 

path of flow in both the top and right sections 

compared to the other sections. Because in 

these two cases, the velocity of air is higher in 

this region compared to other regions. In both 

cases, after the sarin gas reaches towards the 

wall, it disperses throughout the entire indoor 

environment. In addition, regions with lower 

air velocity also exhibit lower concentrations 

of sarin gas, making them safer compared to 

regions with higher concentrations. 

 
t=1 min 

 
t=2 min 

Sarin gas concentration (mol/m3) 

 
t=10 min 

(a) Top section 

 

 
t=1 min 

 
t=2 min  

Sarin gas concentration (mol/m3) 

 
t=10 min 

 (b) Right section   

 

Figure 7. Distribution of sarin gas concentration at different times, with the air inlet positioned at the 

center of the top (a) and right (b) sides
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3.4. Machine learning (ANN) results 

The time when the concentration of sarin gas 

reaches 10 mg/m³ in the indoor environment 

(danger time) is a crucial factor for safety 

issues. Using CFD to investigate the effects of 

inlet airflow coordinates on danger time is a 

complicated task. Hence, the ANN is used to 

assess danger time as a function of inlet airflow 

coordinates. For this purpose, random inlet 

coordinates are specified and the danger time 

is calculated. Then the results from CFD are 

inputted to the ANN for training. For this 

work, 300 data points from CFD model results 

are considered for ANN training. Figs. 8a, 8b, 

8c, and 8d illustrate the training, testing, 

validation, and overall performance processes, 

along with their corresponding R² values, 

respectively. The R2 values, approaching 1 for 

all datasets, indicate strong agreement between 

actual and predicted data. Thus, ANN proves 

effective for investigating dangerous times. 

 

Figure 8. Training (a), validation (b), test (c), and total performance (d) of the ANN model 

3.5. Impact of air inlet location 

Fig.9 illustrates the impact of the inlet flow 

rate location at the top section of the room on 

the danger time. In the top section, x and z are 

variables and y is constant. The inlet velocity 

of air is 0.1 m/s and the inlet concentration of 

sarin gas is 1 mol/m³. According to the results 

of Fig. 9, it is evident that the danger time in 

the middle location of x is lower than at the 

sides of the x-axis. In addition, the danger time 

in the middle is lower than at the sides of the 

z-axis. This is due to when the air inlet is in the 

middle of the top section, it has better 

distribution than when the air inlet is at the 

sides. Furthermore, the danger time at z = -0.2 

(a) (b) 

(c) (d) 
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and x = 3 is the maximum due to the proximity 

of the inlet location to the output location. 

 

 
Figure 9. Impact of inlet flow rate location at the 

top section of the room on the danger time 

Fig.10 illustrates the impact of the inlet flow 

rate location at the left section of the room on 

the danger time. In the left section, y and z are 

variables and x is constant. The inlet velocity 

of air is 0.1 m/s and the inlet concentration of 

sarin gas is 1 mol/m³. According to the results 

of Fig. 10, it is evident that the danger time in 

the middle location of y is lower than at the 

sides of the y-axis. In addition, the danger time 

in the middle of the z-axis is lower than at the 

sides of the z-axis. This is due to when the air 

inlet is in the middle of the left section, it has 

better distribution than when the air inlet is at 

the sides. Furthermore, the danger time at z = 

0 and y = 0.2 is the maximum due to the 

proximity of the inlet location to the output 

location. 

 
Figure 10. Impact of inlet flow rate location at the 

left section of the room on the danger time 

Fig.11 illustrates the impact of the inlet flow 

rate location at the right section of the room on 

the danger time. In the right section, y and z 

are variables and x is constant. The inlet 

velocity of air is 0.1 m/s and the inlet 

concentration of sarin gas is 1 mol/m³. 

According to the results of Fig. 11, it is evident 

that the danger time in the middle location of y 

is lower than at the sides of the y-axis. In 

addition, the danger time in the middle of the 

z-axis is lower than at the sides of the z-axis. 

Furthermore, the danger time at z = -0.5 and y 

= 0.2 is the maximum due to the proximity of 

the inlet location to the output location. 

 
Figure 11. Impact of inlet flow rate location at the 

top section of the room on the danger time. 
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Fig.12 illustrates the impact of the inlet flow 

rate location at the front section of the room on 

the danger time.  In the front section, x and y 

are variables and z is constant. The inlet 

velocity of air is 0.1 m/s and the inlet 

concentration of sarin gas is 1 mol/m³. 

According to the results of Fig. 12, it is evident 

that the danger time in the middle location of x 

is lower than at the sides of the x-axis. In 

addition, the danger time in the middle of the 

y-axis is lower than at the sides of the y-axis. 

Furthermore, the danger time at x =3 m and y 

=0.2 m is the maximum due to the proximity 

of the inlet location to the output location. 

 
Figure 12. Impact of inlet flow rate location at the 

front section of the room on the danger time 

Fig. 13 shows the effect of the inlet flow rate 

location on the back section of the room on the 

danger time. In the back section, x and y are 

variables and z is constant. The inlet velocity 

of air is 0.1 m/s and the inlet concentration of 

sarin gas is 1 mol/m³. According to the results 

of Fig. 13, it is evident that the danger time in 

the middle location of x is lower than at the 

sides of the x-axis. In addition, the danger time 

in the middle of the y-axis is lower than at the 

sides of the y-axis. Furthermore, the danger 

time at x =2.5 m and y =0.2 m is the maximum 

due to the proximity of the inlet location to the 

output location. 

 
Figure 13. Impact of inlet flow rate location at the 

back section of the room on the danger time 

4. Conclusions 

This study investigated sarin gas dispersion in 

an indoor environment using a transient three-

dimensional CFD-ANN modeling approach. 

The CFD model included the equations of 

conservation of continuity, momentum, and 

mass transfer. In this model, the flow of air 

containing sarin gas entered an indoor 

environment, and the time when the 

concentration of sarin gas reached 10 mg/m³ 

(danger time) was calculated. 

 The air could enter from five sides (top, right, 

left, front, and back) of the indoor 

environment. Hence, the input layers of ANN 

consist of the locations where airflow 

containing sarin gas enters.  Additionally, the 

output layer of ANN represents the danger 

time. To investigate the danger time, firstly, 

CFD model verification and validation were 

performed. Then, random locations in the 

indoor environment were considered as inlets 

of airflow with sarin gas, and the dangerous 

times were calculated using the CFD model. 

Finally, these results of the CFD model were 

used as inputs to train the ANN model. The 

ANN model was used to investigate danger 
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times with different air inlet locations in the 

indoor environment. 

 The results of this study demonstrated that the 

present model exhibited strong agreement with 

experimental data. Also, the results of training 

the ANN showed that for all sections, the 

training, validation, and testing data and model 

results were consistent with a high R-squared 

value. Moreover, the results from different air 

inlet locations showed that placing the air inlet 

in the corner sections of the indoor 

environment increased the danger time. 

Additionally, placing the air inlet near the open 

region also increased the danger time, 

highlighting an important consideration for 

indoor environment design. 
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