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Abstract 
 

Air pollution from vehicular SO₂ emissions, driven by rapid urbanization and mass migration to cities, poses 

serious environmental and health threats. This study develops and evaluates predictive models for vehicular SO2 

concentration using Artificial Neural Network (ANN) and Mamdani Fuzzy Logic. Hourly SO₂ levels in the study 

area exceeded the EPA’s 1-hour standard of 0.075 ppm. 

In this investigation, an ANN was applied to forecast SO₂ concentrations based on the types and quantities of 

vehicles using a Multi-Layer Perceptron (MLP) architecture which was improved by backpropagation. A Mamdani 

Fuzzy Logic inference system was constructed and simulated using MATLAB. Six different vehicles were used 

as independent variables in this study to predict SO2 levels using trapezoidal and triangular membership function. 

Due to the human-like reasoning of ANN, the findings reveal that ANN model performs better and provides more 

insightful information than the fuzzy logic model.  The correlation coefficient between predicted and observed 

SO2 concentration in the neural network model is R=0.9294, with a root mean square error of 0.0267, the ANN 

model performed better than FLA model (RMSE = 0.04895). In the future, it will be necessary to incorporate 

meteorological variables to create the optimal model. 
 

Keywords: air pollution, sulfur dioxide, artificial neural networks, Mamdani fuzzy logic, air quality prediction, 

environmental health. 
 

1 Introduction  

 

With a significant implication for human well-being, air pollution is a drastic environmental health crisis. The 

World Health Organization (WHO, 2021) report highlighted that 92% of the global population live in areas where 

the air quality guidelines are surpassed by air pollution. SO2, as a common type of pollutant from vehicular 

emissions, dominates the health burden. Due to an exponential rise in urbanization and population, rapid 

development of modern industry and transportation, air pollution has turned into a global issue (Zhou et al., 2019). 

Poor air quality not only has an impact on people’s lives and jobs but also impedes economic development and 

causes climate change (Kampa & Castanas, 2008).  

Long-term exposure to air pollution can also damage the immune, neurological, reproductive, and respiratory 

systems in addition to increasing the risk of cancer. Under severe circumstances, it may even be fatal (Haque et 

al., 2017; Khan, 2003). According to a new World Bank research, air pollution kills 15,000 Bangladeshis per year 

(Ahmed & Mahmood, 2017). In Bangladesh's urban areas, unburned gasoline from two stroke motor vehicles is 

the main cause of air pollution and one of the biggest contributors (Alam, 2009; Kojima et al., 2014).  

Moreover, diesel vehicles comprise roughly 20-22% of all vehicles, and gasoline vehicles make up approximately 

80%. Of these 80% gasoline-powered vehicles, about 40% are motorcycles (Khan, 2003). Two major causes of 

concern today are rising pollution levels brought on by fast urbanization and rising emissions from motor vehicles 

(Bhanarkar et al., 2005).  

Acid rain is a widespread issue that has several negative environmental repercussions. It is among the worst 

environmental issues of the modern era. Two of the most important gases that contribute to the formation of acids 

in the atmosphere are nitrogen oxides and sulfur dioxide. Acid rain has adverse effect on human health, forest and 

costal ecosystem (Ahmed, 2021). Despite the number of deaths due to air pollution decreased, a 14% of increase 

in mortality was experienced in developing countries like India between 1990 and 2017. Approximately 5% of all 

SO2 emissions are directly caused by transportation (but this percentage can reach 17% in some nations), with 

diesel fuel creating more SO2 per liter than gasoline  (Kebin et al., 2009).  Global SO2 emissions are estimated to 

be 294 million tons per year. Anthropogenic sources account for 160 million tons of this total (Fioletov et al., 

2016). 
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2 Materials and Methods 

 

2.1 Study Area and Sampling technique 

Sylhet, a developing city in Bangladesh, is experiencing increased vehicular traffic. This study examines SO₂ 

emissions along the Sylhet–Sunamgonj highway at three sites: Modina Market, Subidbazar, and Amberkhana. No 

industrial activity was present during sampling. SO₂ levels were measured using a portable SGT-P gas detector 

(Figure 1), which provides readings within one minute via diffusion. Vehicular emissions were the primary source 

of SO₂. The 1-hour NAAQS limit for SO₂ is 0.075 ppm, allowing one exceedance per 100 days—about four per 

year. Sampling was conducted 8 hours daily for one week at each site, with simultaneous vehicle counting and gas 

monitoring. 

 
 

Figure 1: SENKO SGT-P portable single-gas detector (SO2) 

 
 

2.2 Data Analysis Procedure 

2.2.1 Artificial Neural Network Analysis: 

Artificial neural networks, like the Multi-Layer Perceptron (MLP), are used to analyze complex relationships 

between predictor factors and predicted parameters, such as SO2 concentrations. The MLP typically consists of 

three layers: input, output, and hidden layers, each made up of interconnected neurons or nodes.   

Key Performance Indicators (KPI) are Correlation coefficient (R), Coefficient of determination (R2), Mean 

Absolute Error (MAE), and Root Mean Square Error (RMSE).  
 

2.2.2 Mamdani Fuzzy Inference System: 

The fuzzy logic simulation was conducted in MATLAB R2024a using the Fuzzy Logic Toolbox. A Mamdani 

inference system was developed with six input variables—three-wheelers, two-wheelers, cars, microbuses, buses, 

and trucks—to predict SO₂ concentration (ppm). The model design included defining input/output sets, 

fuzzification, rule creation, defuzzification, and evaluation. 

2.2.3 Membership function selection 

An expression that indicates the amount that an input fits into a set is known as a membership function (MF) (Adil 

et al., 2015). The non-fuzzy input parameters can be converted to fuzzy linguistic terms through membership 

functions which are used in the fuzzification and defuzzification process. The degree of membership function is 

limited to 0 and 1. The Mamdani fuzzy toolbox is used to design the fuzzy inference rules (Mamdani & Assilian, 

1975). The associated fuzzy membership functions for all inputs are specified as Low, Medium and High, where 

low and high membership functions are represented as trapezoidal membership function (trapmf) and medium is 

represented as triangular membership function (trimf) (Katushabe et al., 2021).   

 

Table 1: The universe of discourse membership function, domain ranges, and input factor boundary values for 

crisp and fuzzy sets of data. 
Crisp Input Variables Fuzzy Input membership 

functions 

Boundary Values for Universal 

sets 

Universe of Discourse for 

MFs 

Three-Wheeler (3W) Low, Medium, High 1400-2400 1400-1891, 1892-2053, 2054-

2400 

Two-Wheeler (2W) Low, Medium, High 500-800 500-649. 650-696, 697-800 

Car Low, Medium, High 80-270 80-166, 167-188, 189-270 

Microbus Low, Medium, High 130-180 130-151, 152-158, 159- 173 

Bus Low, Medium, High 0-40 0-13, 14-20, 21-40 

Truck Low, Medium, High 4-60 4-38, 39-45, 46-60 

 

The five fuzzy sets that reflect the chosen output variable—SO2 concentration (ppm)—are Good, Moderate, 

Unhealthy, Sensitive, Unhealthy, and Dangerous.  
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Table 2: The universe of discourse membership function, domain ranges, and output factor boundary values for 

crisp and fuzzy sets of data. 
Output Variables Fuzzy Output membership function Boundary Values for 

Universal sets 

Universe of Discourse for 

MFs 

SO2 Concentration (ppm) Good, Moderate, Sensitive, 

Unhealthy, and Dangerous 

0-1600 0-100, 101-500, 501-1100, 

1101-1500, 1501-1600 

 

In this step of modelling, the rule base represents the relationship between input variables and output variables 

formed, called fuzzy inference rule. As there are 6 inputs in the model representing three fuzzy membership 

functions for every input, a total of 729 rules is used in the model. A cross-section from the rules ranges from 

scenarios where all vehicle types emit low levels of pollutants, resulting in "Good" air quality with low SO₂ 

concentrations, to cases where all vehicles emit high levels of pollutants, leading to "Dangerous" levels of SO₂ 

concentration. For example, Rule 5 indicates that moderate emissions from buses and medium emissions from 

trucks result in a "Moderate" SO₂ concentration. 

 

2.2.4 Design of the Input/Output Fuzzy Membership Functions and Inference Rules 

The input/output design of the fuzzy inference system parameters and corresponding membership inputs are 

provided as triangular and trapezoidal membership functions. For Three-wheeler, Two-wheeler, Car, Microbus, 

Bus, Truck created using two trapezoidal type membership function as low and high and a triangular type of 

membership function as medium. The membership function of the output variable is Good, Moderate, Sensitive, 

Unhealthy, Dangerous. 

The fuzzy inference rules were created using a set of fuzzy input membership functions and utilizing the "AND" 

connection. Every fuzzy inference rule is regarded as possessing a weighted priority function that is equivalent (W 

= I) in the model evaluation. This indicates that the order is irrelevant because every rule has the same priority 

while evaluating the model. 

 

3. Result and Discussion  

 

3.1 FLA Performance 

3.1.1 Rule and Surface Viewer 

The fuzzy inference illustration makes use of the rule viewer. It determines the effect of rules and how membership 

function affects. In the Mamdani Fuzzy Logic Algorithm based vehicular SO2 concentration presented in the 

previous chapter, the SO2 concentration in air is actively calculated using the maximum values of input variables. 

Figure 3, the dual combination of vehicle types used as input variables demonstrated in the surface graphic which 

represents the changes in SO2 concentration (Three-wheeler, Two-wheeler, Car, Microbus, Bus, and Truck). It is 

clear and concise that the dual combinations of vehicle types (such as, three-wheeler & two-wheeler; micro-bus & 

truck etc. as demonstrated in Figure 3) predominantly affect SO2 concentration. The deterioration of air quality 

through the increase in SO2 concentration is experienced when there is an increase in the boundary values of the 

input variables, and good air quality is ensured when there is a decrease in SO2 concentration.  

 

 

Figure 2: Active rules and Membership functions of input three-wheeler, two-wheeler, car, microbus, bus, and 

truck vs. output of SO2 concentration (ppm). 
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Figure 3. Surface plots illustrating the variations in SO₂ concentration (µg/m³) in response to different 

combinations of vehicle types used as input variables: (a) three-wheeler vs. two-wheeler, (b) three-wheeler vs. car, 

(c) three-wheeler vs. microbus, (d) three-wheeler vs. bus, (e) three-wheeler vs. truck, (f) two-wheeler vs. car, (g) 

two-wheeler vs. microbus, (h) two-wheeler vs. bus, (i) two-wheeler vs. truck, (j) car vs. microbus, (k) car vs. bus, 

(l) car vs. truck, (m) microbus vs. bus, (n) microbus vs. truck, (o) bus vs. truck. 

Figure 2 illustrates how, in the rule view, varying vehicle quantities have a significant impact on the air's SO2 

concentration level. The resulting SO2 concentration, for instance, is shown in the figure given the numbers of the 

three-wheeler, two-wheeler, automobile, microbus, bus, and truck. For example, if the numbers of the three-

wheeler, two-wheeler, car, and truck are 1500, 550, 130, 130, 10, and 15, respectively, the expected SO2 

concentration is 42.9 µgm/m3. 

 

3.1.2 Defuzzification to Crisp Sets 

To produce a readable result, defuzzifying involves turning a fuzzified output into a single crisp value with respect 

to the fuzzy set (Katushabe et al., 2021). The process that needs to be controlled is represented by the defuzzied 

version of the Fuzzy Inference System controller.  

The concept of the Center of Gravity (COG) technique is the most often used among the other methods, the 

weighted average method, the mean of maxima approach, and the maximum membership principal approach, 

which are utilized in this work. In comparison with the other methods, COG produces a more accurate result since 

it indicates the value that correlates to the center of gravity of the generated curve (Arici & Atacak, 2017). 

To calculate the output crisp value in this work using the COG, assuming “Z” is “C”, then the formula for the 

expression is formulated as follows, where Z is the final output SO2 Concentration: 

𝑍 =  
∫ 𝜇𝐶(𝑍)𝑍 𝑑𝑧

∫ 𝜇𝐶(𝑍) 𝑑𝑧
………………………………….. (3) 

Therefore, the defuzzified value of the output for the input values of Three-wheeler = 1400, Two-wheeler = 500, 

Car = 170, Microbus = 155, Bus = 7 and Truck = 28 is the predicted SO2 Concentration = 40 µgm/m3 as shown in 

Figure 3. 
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3.3 Artificial Neural Network Analysis 

The ANN model was trained using backpropagation in PyTorch, with data split into training (70%), validation 

(15%), and testing (15%) sets. Inputs were normalized, and the network included 6 input neurons, two hidden 

layers (25 neurons each, ReLU activation), and one output neuron. Adam optimizer (learning rate 0.001) and MSE 

loss were used. The model, run on Google Colab, achieved a minimum validation MSE of 0.0027 at epoch 172 as 

demonstrated in figure 4, with consistent loss curves indicating effective learning and no overfitting. SO₂ values 

were converted from µg/m³ to ppm using Eqn. 4. 

SO_2 (ppm)= (SO_2 (μg⁄m^3) ×24.45)/ (molecular weight of SO_2× 10^3) …………… (4) 

 

 
 

 

Figure 4: Predicted and observed value of SO2 concentration (ANN) for all stations; (a) error vs. epochs, (b) 

correlation coefficient of train data, (c) correlation coefficient of test data, (d) correlation coefficient of validation 

data, and (e) correlation coefficient of all data. 

 

As demonstrated in the Figure 4(b, c, d, e), the Pearson correlation coefficients (R) between observed and predicted 

SO₂ values. High R values for training (0.9337), validation (0.9226), testing (0.9271), and overall data (0.9294) 

confirm the ANN model’s strong learning and predictive performance across all phases. 

 

3.4 Comparison of ANN and FLA model  

SO₂ forecasting across Madina Market, Subidbazar, and Amberkhana stations showed strong performance using 

both FLA and ANN models. However, ANN outperformed FLA, achieving higher correlation (R = 0.9294), 

determination (R² = 0.8637), and lower errors (MAE = 0.0175 ppm, RMSE = 0.0267 ppm). As shown in Figure 5, 

ANN predictions closely matched observed values, confirming its superior accuracy 

 

Figure 5: Comparison of Model predicted and observed values of SO2 concentration. 
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Table 4: Comparison of KPIs of FLA and ANN 
Key Performance 

Indicator 

Madina Market 

(Station 1) 

Subidbazar 

(Station 2) 

Amberkhana 

(Station 3) 

Combined 

 FLA ANN FLA ANN FLA ANN FLA ANN 

R2 0.6819 0.7816 0.7759 0.9652 0.6475 0.8173 0.7169 0.8637 

R 0.8257 0.8841 0.8809 0.9825 0.8047 0.9041 0.8467 0.9294 

MAE (ppm) 0.03947 0.01728 0.03943 0.01315 0.03807 0.02361 0.03899 0.0175 

RMSE (ppm) 0.04814 0.03035 0.05054 0.01767 0.04813 0.03133 0.04895 0.0267 

 

4. Conclusion 

This study developed predictive models for vehicular SO₂ concentrations using Artificial Neural Networks (ANN) 

and Mamdani Fuzzy Logic Algorithm (FLA) across three stations on the Sylhet–Sunamgonj highway. ANN 

consistently outperformed FLA, showing stronger alignment with observed data. 

Key metrics—R (0.9294), R² (0.8637), MAE (0.0175 ppm), and RMSE (0.0267 ppm)—confirmed ANN’s superior 

accuracy. While both models were effective, ANN demonstrated greater potential for air quality prediction and 

management. The findings support the use of machine learning in environmental monitoring and future research. 

The use of predictive analytics could strengthen early warning systems for air pollution, enabling authorities to 

implement proactive interventions before air quality deteriorates beyond safe thresholds. This will significantly 

enhance Bangladesh’s environmental governance capacity 
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