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ABSTRACT 

This study indicates the utilization of two Machine 

learning models that is Artificial Neural Network 

(ANN) and Random Forest(RF), for the prediction 

of equivalent noise levels (Leq), across four 

locations covering commercial and silent zones in 

Yanam, Puducherry. The total Passenger Car Unit 

(PCU) data, observed Leq of every location was 

used effectively for the training and testing of the 

ANN model, resulting in aCoefficient of 

Determination (R²) value of 0.912.Additionally, a 

Random Forest regression model was applied for 

performance comparison, with a result of an R² of 

0.925.The noise maps on weekdays and Sunday 

revealed the highest and the lowest noise levels at 

the locations during the 12 hour time interval. The 

study indicates that the noise levels are 

proportional to traffic volume, highlighting the 

need to implement effective strategies for reducing 

noise pollution in the area. 

KEYWORDS: Noise Pollution, Artificial Neural 

Networks, Random Forest, Traffic Volume. 

 

I. INTRODUCTION 
Environmental noise pollution has become 

a significant global issue due to rapid 

industrialization and urbanization, but it is usually 

overlooked as it is not visible like other pollution 

but has equal detrimental issues [1]. The most 

contributing factor of noise pollution is vehicular 

noise as each type of vehicle contributes a different 

amount of decibels (dB)[2], due to honking, there is 

an interaction between vehicle tires and the road 

surface. Urban areas with dense traffic are 

particularly affected by noise pollution. The 

closeness of residential and commercial buildings 

to busy roads means that more people are exposed 

to high noise levels. Environmental noise pollution, 

particularly in urban and semi-urban settings, has 

emerged as a significant public health concern due 

to its detrimental effects on human well-being and 

ecological balance[3].The exposure to noise over 

long periods can lead to various health problems, 

including hearing loss, psychological stress, sleep 

disturbances, and cardiovascular diseases [4]. The 

amount of noise exposure in the environment over 

a certain period of time is expressed as Equivalent 

Continuous Noise Level (Leq). It was observed that 

noise levels were gradually reduced during 

COVID-19 pandemic expresses the relationship 

between noise levels and vehicles [5].   

Soft Computing techniques are 

implemented for real time monitoring, analysis of 

noise trends and patterns and these models, like 

Machine Learning models, have outperformed well 

in the prediction and analysis of Equivalent Noise 

Levels(Leq)[6]. Traffic noise predictions are used 

to do real-time monitoring, and the data is used in 

decision making, improving public health and 

sustainable development. Artificial Neural 

Networks (ANN) have performed well in the 

prediction of noise pollution. ANNs are valued for 

their capacity to model and learn complexities 

among multiple input factors such as traffic 

volume, vehicle types, weather conditions, urban 

topography and noise levels [7]. ANNs are trained 

using historical data, where the network iteratively 

adjusts its internal parameters to minimize the 

difference between predicted and actual values. 

Once trained, an ANN can make accurate 

predictions about future or unmeasured noise 

conditions in different scenarios by using nonlinear 

regression methods [8]. In several research studies 

upon the comparison of the ANN model with other 

linear and nonlinear methods like Multiple Linear 

Regression(MLR), the ANN model has 

outperformed with high accuracy and has given the 

best performance[9,10]. 
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In addition to using Artificial Neural 

Networks (ANN), this study also employed 

Random Forest (RF) regression to enhance 

predictive performance and provide a comparative 

analysis. RF is a machine learning algorithm that 

generates multiple decision trees during training 

and averages their predictions to improve accuracy 

and reduce overfitting.This approach reduces 

variance and improves generalization. Based ona 

few research studies, RF is particularly effective for 

modelling environmental data, including noise 

prediction, due to its ability to handle non-linear 

relationships, capture complex interactions among 

variables, and resist overfitting[11]. By 

incorporating RF alongside ANN, this research not 

only assesses the effectiveness of deep learning 

approaches but also examines the robustness of 

ensemble-based machine learning models in 

predicting equivalent noise levels based on traffic 

volume data. Random Forest is an ensemble 

learning method that constructs multiple decision 

trees during training and outputs the mean 

prediction of the individual trees, thereby reducing 

variance and improving generalization. Its ability to 

handle non-linear relationships, capture complex 

interactions among variables, and resist overfitting 

makes it highly effective for environmental data 

modelling, including noise prediction. 

The present study aims to predict 

equivalent noise levels (Leq) for Yanam using 

Artificial Neural Network (ANN) and Random 

Forest (RF) at silent and commercial zones to 

understand the best suitable model for the dataset 

based on the performance. 

 

II. MATERIALS AND METHODOLOGY 
2.1 Study Area 

The study area for this research is Yanam, 

one of the four administrative districts of the Union 

Territory of Puducherry, India. Although it is 

geographically located within the East Godavari 

district of Andhra Pradesh, Yanam is governed 

directly by the Union Territory of 

Puducherry.Yanam is located at 16.7331° N latitude 

and 82.2135° E longitude. The region has a total 

geographical area of about 30 square kilometres, 

which includes a mix of residential, commercial, 

institutional, recreational, and industrial zones with 

the Godavari River bordering the town on the 

western side. According to the 2011 Census of 

India, Yanam had a population of approximately 

55,626. The city includes 26 schools, 2 colleges, 2 

hospitals, and 12 banks, all of which play a role in 

generating localized acoustic activity. Additionally, 

Yanam functions as a tourist destination that 

contributes to the fluctuations in the traffic volume. 

Furthermore, the town contains local markets, 

temples, small industries, and public gathering 

spaces, which all contribute to spikes in noise 

levels, especially during festivals and social 

events.The lack of lane width and division varies 

the speed and traffic volumes, which leads to an 

increase in two wheelers, which contribute most of 

the noise. 

 

2.2 Noise Level Measurement 

Noise level measurements were carried 

out using the Sigma SL-101+ Sound Level Meter. 

The instrument can measure a sound pressure level 

range from 30 dB to 130 dB, making it suitable for 

capturing both low-level background noise and 

high-intensity urban noise peaks with an accuracy 

of 1.5 dB. Measurements of noise levels were 

conducted at four locations,of which two are silent 

zones and two are commercial zones within the 

city, at a time interval of 12 hours from 8 a.m. to 8 

p.m. on both weekdays and Sundays. For each 

location, noise readings were recorded every 

minute in dB. Equivalent Noise Levels (Leq) were 

calculated for every hour on both weekdays and 

Sundays to identify the highest and lowest noise 

levels at every location. The Equivalent Noise 

Levels (Leq) were computed using the following 

equation: 

 

Leq=10∗log10(Σ(ti∗10
(Li/10)

)/T) 

Leq = equivalent continuous sound level (dB) 

ti = time interval (seconds) 

Li = sound level during the time interval (dB) 

T = total time (seconds) 
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Fig 1: Flowchart representing methodology 
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2.3 Traffic Volume measurement 

The traffic volume was recorded at 15-

minute intervals for a period of 12 hours. The 

traffic stream consisted of mixed vehicles, 2 

wheelers (Motorcycles, Scooters), 3 wheelers 

(Auto Rickshaws), 4 wheelers (Cars, Light Motor 

Vehicles), and heavy vehicles (Trucks and Buses). 

The Passenger Car Unit (PCU) was calculated with 

the above cited data for a better insight into the 

noise levels and traffic volume relation. The 

determination of PCU, the following factors were 

considered: Two-Wheelers = 0.5, Three-Wheelers = 

1.0, Four-Wheelers = 1.0, and Heavy Vehicles = 

3.0. 

 

2.4 Noise Mapping  
Noise mapping is an essential tool for 

understanding and managing the effects of 

environmental noise, which enables planners and 

researchers to study patterns, compare various 

locations, and develop strategies for noise control. 

In this study, Noise mapping was conducted using 

ArcGIS Pro (version 3.4.0) software to create a 

spatial representation of the measured equivalent 

noise levels on both weekdays and Sundays across 

all locations. A KML file containing the points was 

generated using Google Earth Pro and then 

converted into a layer format compatible with 

ArcGIS Pro. Additionally, a CSV file containing 

the average equivalent noise levels, geographic 

coordinates (latitude and longitude), and time 

intervals was then imported into the software. The 

data at the locations were represented using a 

graduated colour scheme to understand the noise 

intensity, where the yellow colour represented 

lower sound levels and the red colour indicated 

higher noise levels as represented in Figs 3,4. 

 

2.5 Noise Prediction Models 

The use of noise prediction models is 

important because it allows urban planners, 

engineers, and policymakers to identify areas with 

high noise exposure. This information enables them 

to design effective noise mitigation strategies and 

promote healthier living conditions in rapidly 

growing urban areas.By utilizing advanced 

machine learning models like Random Forest (RF) 

and Artificial Neural Networks (ANN), effectively 

capture complex relationships between various 

factors and noise levels, leading to more accurate 

predictions, making them suitable for real time 

monitoring. 

 

2.5.1 Artificial Neural Network Model  

An Artificial Neural Network (ANN) 

model was developed to predict the equivalent 

continuous noise level (Leq) using traffic-related 

parameters. The model was trained using a dataset 

comprising vehicle composition (PCU values of 

2W, 3W, 4W, and HV), time intervals, day type 

(weekday/Sunday), and zone type 

(commercial/silent), with the corresponding 

calculated Leq values as the target output. The 

dataset was split into 64% for training, 16% for 

validation, and 20% for testing. Fig.1 represents the 

ANN architecture consisting of 9 hidden layers 

with 4 neurons per layer, utilizing the ReLU 

(Rectified Linear Unit) activation function to 

introduce non-linearity and improve learning 

efficiency. The model was trained over 200 epochs 

with a batch size of 64 and a learning rate of 0.01, 

allowing for effective convergence during the 

training phase. This architecture was designed to 

capture the complex nonlinear relationships 

between traffic patterns and resulting noise levels. 

 
Fig 2: ANN architecture 
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2.5.2 Random Forest Model 

The Random Forest (RF) regression model 

was implemented to predict the equivalent noise 

levels (Leq) based on the hourly Passenger Car 

Unit traffic data.In this study, the dataset was 

divided into a training set of 80% and a testing set 

of 20%. The model was constructed using 100 

decision trees and a random state of 42 to ensure 

the reproducibility of results.Feature scaling was 

applied with the Standard Scaler to normalize the 

numerical variables, thus enhancing the training 

stability of the model. Categorical variables, such 

as location type (silent and commercial) and day 

(weekday and Sunday), were pre-processed using 

One-Hot Encoding to convert them into binary 

indicator variables.The RF model predictive 

performance was assessed on the testing dataset 

using standard regression metrics, including Mean 

Absolute Error (MAE), Root Mean Square Error 

(RMSE), and the coefficient of determination (R²). 

 

III. RESULTS 
3.1 Noise Measurements 

Noise levels at four locations in Yanam 

were considered for the study.  Table 1 shows the 

highest and lowest equivalent noise level values at 

the four locations on weekdays, whereas Table 2 

shows the highest and lowest equivalent noise 

levels at the four locations on Sunday. 

 

Table 1: The Maximum and Minimum Leq values on Weekdays 

Location Zone Leq Maximum(dB) Leq Minimum(dB) 

School Silent 76.43 69.39 

Hospital Silent 77.48 73.72 

Chinna Centre Commercial 85.56 80.86 

Bus Stand Commercial 84.24 80 

 

Table 2: The Maximum and Minimum Leq values on Sunday 

Location Zone Leq Maximum(dB) Leq Minimum(dB) 

School Silent 74.87 68.2 

Hospital Silent 77.28 70.62 

Chinna Centre Commercial 82.7 77.67 

Bus Stand Commercial 83.28 79.03 

 

3.2 Noise mapping 

It is observed that the highest average 

equivalent noise levels (Leq) on weekdaysare 83.87 

dB from 8 A.M to 8 P.M. at Chinna Centre. 

Whereas the lowest average equivalent noise levels 

(Leq) are observed at the school, measuring 73.19 

dB during the same time period. Similarly, it is 

observed that the highest average equivalent noise 

levels (Leq) on Sundayare81.91 dB from 8 a.m. to 

8 p.m. at Chinna Centre. Whereas the lowest 

average equivalent noise levels (Leq) are observed 

at the school, measuring 73.19 dB during the same 

time period. Fig. 3 gives the representation of the 

severity of the noise levels at each location, where 

red colour indicates high noise levels and yellow 

colour indicates lower noise levels. 
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Fig 3: Noise map Representing Equivalent Noise Levels at all Locations 

 

3.3 Noise Prediction using Artificial Neural 

Network (ANN) 

The Artificial Neural Network (ANN) 

model was designed to predict hourly equivalent 

noise levels (Leq) in decibels (dB) for four 

locations, covering 12 hours from 08:00A.M to 

8:00 P.M. on both weekdays and Sundays. The 

model achieved a Mean Absolute Error (MAE) of 

1.238, a Root Mean Square Error (RMSE) of 1.527, 

and a coefficient of determination (R²) of 0.912. 

These performance metrics indicate a high level of 

accuracy and reliability in capturing the 

relationship between traffic volume and noise 

levels. The relatively low error values demonstrate 

the model’s capability to perform well across 

different conditions, while the high R² value 

reflects its strong predictive power. Therefore, the 

ANN model shows considerable potential for 

practical applications in environmental noise 

monitoring, urban planning, and traffic-related 

noise management. 

 

 
Fig 2. Actual vs Predicted Leq by ANN 
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3.4 Noise Prediction using Random Forest The 

Random Forest (RF) regression model was 

employed to predict hourly equivalent noise levels 

(Leq) in decibels (dB) for four locations, spanning 

12 hours from 08:00A.M. to 8:00 P.M. on both 

weekdays and Sundays. The Random Forest model 

achieved a Mean Absolute Error (MAE) of 1.096, a 

Root Mean Square Error (RMSE) of 1.411, and a 

coefficient of determination (R²) of 0.925. The 

performance metrics show a higher accuracy in the 

prediction of equivalent noise levels for the given 

dataset. 

 
Fig 3. Actual vs Predicted Leq by RF 

 

3.5 Comparison between ANN and RF model 

A comparison analysis was conducted 

between the RF and ANN models to identify the 

suitability of a model in the prediction of 

Equivalent Noise Levels across the four locations 

at Yanam. The results indicate that both approaches 

offer high predictive accuracy for the given dataset. 

The coefficient of determination (R²) for the 

Artificial Neural Network model stands at 0.912, 

whereas the Random Forest model attains a 

marginally higher R² value of 0.925. These results 

indicate that the RF model provided slightly better 

predictive performance compared to the ANN 

model, with lower error values and a marginally 

higher R². The approach of combining multiple 

decision trees allowed the Random Forest model to 

effectively capture complex, non-linear 

relationships between traffic volume and noise 

levels.Both models have effectively captured the 

relationship between traffic volume and equivalent 

noise levels, with their predictions close to the 

observed data. The comparison of the model 

metrics is given in Table 3. 

 

Table 3:  The comparison of ANN and RF performance 

 Artificial Neural Network (ANN) Random Forest(RF) 

MAE 1.238 1.096 

RMSE 1.527 1.411 

R
2
 0.912 0.925 

 

IV. CONCLUSIONS 
This study investigated the relationship 

between traffic volume, expressed in Passenger Car 

Unit (PCU), and equivalent noise levels (Leq) 

across selected commercial and silent zones 

withinadeveloping urban area. The key conclusions 

drawn are: 
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1. It was observed that equivalent noise levels 

(Leq) were highest on weekdays when 

compared with Sundays. The noise levels 

exceeded the acceptable limits at all the study 

locations on both weekdays and Sundays. The 

traffic volume and noise levels were 

proportional to each other. 

2. The ANN model predicts the equivalent noise 

levels with an accuracy of 91.2%. 

3. The RF model predicts the equivalent noise 

levels with an accuracy of 92.5%. 

4. The RF model and the ANN model,both of 

them for this dataset, haveperformed well and 

achieved a higher coefficient of determination, 

thereby demonstrating greater accuracy in 

predicting equivalent noise levels. 
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