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ABSTRACT

Traffic congestion has emerged as one of the major challenges
faced by expanding urban environments, resulting in increased
travel delays, excessive fuel consumption, and environmental
pollution. Accurate traffic forecasting plays an essential role in
urban planning and the development of efficient transportation
systems. This study applies an experimental approach to
evaluate the performance of various deep learning models
under different traffic scenarios. The experiments were
conducted using the Google Colab platform to assess multiple
deep learning architectures, including Recurrent Neural
Networks (RNN), Convolutional Neural Networks (CNN),
Long Short-Term Memory (LSTM) networks, and Graph
Neural Networks (GNN). Real-world traffic data consisting of
traffic flow, density, speed, and temporal variables were
utilized for model training and evaluation. Model performance
was measured using standard evaluation metrics including
Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), Mean Absolute Percentage Error (MAPE), and
coefficient of determination (R?). Experimental findings
indicate that LSTM and GNN models demonstrate superior
predictive performance compared with conventional RNN and
CNN approaches. The study contributes to the domains of deep
learning, time-series forecasting, cloud-based experimentation,
and Intelligent Transportation Systems (ITS).
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1. INTRODUCTION
1.1 Background

With the increase of vehicles, roadways become overloaded.
This causes delays, extra fuel consumption, pollution, and
inconvenience. The traffic flow dynamics also vary in time. For
example, peak hours, weather conditions, construction works,
accidents, and special occasions can impact the flow of cars.
Therefore, early prediction of traffic congestion contributes to
effective traffic management. Traditional forecasting
approaches perform well when used in case of regular traffic
data trends, but not for irregular or complex cases.

Deep learning approaches have a great potential because they
rely on learning from big data.

Typically, LSTM neural networks are used in traffic congestion
prediction as they learn previous traffic dynamics [1].

Also, hybrid models such as GSA-LSTM and PSO-Bi-LSTM
are based on applying an optimization approach together with
deep learning [2], [3].
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GNN models are applicable in cases when traffic flow in road
segments depends on each other [4].Recent researches pay
attention to uncertain predictions and real-time traffic
information [6], [8].However, most of the mentioned models
have been tested on small-scale datasets.

They also require intensive computing resources. Thus, there is
a necessity of comparative analysis of deep learning
algorithms.

In this research, traffic congestion forecasting is carried out via
application of deep learning models.

Their efficiency will be estimated based on such criteria as
MAE, RMSE, MAPE, and R

1.2 Problem Statement

Even though there have been significant developments in the
algorithms of deep learning, selecting an effective model for
predicting traffic congestion is quite a difficult decision to
make. Presently, most of the scholarly works in this field are
focused on individual models, and none of them make
comparisons in a controlled environment.

The lack of a unified experimental platform is among the major
weaknesses that plague the existing scholarly works. Most of
the scholarly works rely on local computational platforms,
which affect scalability and reproducibility. In the domain of
Al and transportation, reproducibility is one of the most
important things.

Moreover, there is very little literature that employs cloud
platforms, such as Google Colab, to conduct extensive deep
learning tests. Lack of these frameworks makes it impossible to
verify the results of different studies.

1.3 Research Objective

The primary objective of the paper is to perform comparative
analysis of the deep learning methods applied to the task of
traffic congestion forecasting through experiments carried out
on an identical platform.

In this paper the work will be done by testing and analyzing
some models like RNN, CNN, LSTM, and GNN through the
cloud platform in Google Colab. Additionally, the models will
be compared in terms of accuracy using different error metrics
in order to get a clear view of their actual performance.

1.4 Contributions

The main claim is that a comparative analysis of various deep
learning models (RNN, CNN, LSTM, GNN) is done based on
a unified framework.

» Experiments on a cloud-based platform (Google Colab) to
make them reproducible.

» Analysis based on various performance measures (MAE,
RMSE, MAPE, and R2).
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* Comparison of temporal and spatial learning abilities of
models.

» The most appropriate model to be used in predicting traffic
congestion.

2. LITERATURE REVIEW

The latest progress in the domain of deep learning has
considerably enhanced the performance of congestion
prediction models in terms of their effectiveness. There have
been several models utilized in this regard, which include
Recurrent Neural Networks, Convolutional Neural Networks,
LSTM networks, and GNN models. Even though LSTM
networks are efficient in capturing the time-dependent nature
of the data, there have been indications that GNN models can
efficiently capture the spatial relations among traffic networks.
Table 1 provides a comparative analysis of recent studies in
traffic congestion prediction, emphasizing the applied models,
experimental datasets, key findings, and research limitations to
establish the motivation for the present study.

Table 1. Summary of Recent Studies on Traffic
Congestion Prediction
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2.1 Critical Analysis

It can be seen from the literature review that the DL models
have significantly improved traffic prediction's accuracy as
compared to traditional models. It is also evident that the LSTM
models have been widely acknowledged for their capability of
learning  temporal dependencies while GNNs have
comparatively recently been able to learn spatial dependencies.

However, most existing studies suffer from various limitations,
which include a lack of comparison of the performance of
various models, a lack of reproducibility due to cloud-based
computing, inability to combine temporal and spatial learning,
and high complexity of hybrid and attention-based models.

2.2 Research Gap

o  Not many studies offer a consistent comparison between
RNN, CNN, LSTM and GNN.

o  There is limited research that uses Google Colab or other
cloud platforms to reproducibly experiment.

o  Absence of standard evaluation structures among
datasets.

o  Lack of emphasis on the accuracy-computational
efficiency tradeoff
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3. METHODOLOGY

This research suggests a systematic and replicable approach to
the assessment of the deep learning model performance on
traffic congestion prediction. The methodology will provide a
fair comparison across several models due to consistency in the
data processing, model training, and assessment.

3.1 Research Framework

The general architecture of the research is built on the principle
of a sequential pipeline for processing time series traffic data
and predicting its values. It can be described as a process
consisting of the following steps:

Data Gathering — preprocessing — Training the model —
Prediction — Evaluation.

3.2 Problem Formulation

The task of predicting traffic congestion is framed as a time
series prediction problem, whereby the future traffic pattern is
estimated from past observations. Assuming that the traffic
pattern sequence is X = {x1,x2,x3,...,xt}, the goal is to
estimate future traffic status using a function f(x1,xt —
1,...,xt —n), where f(+) is the mapping learned by the deep
learning algorithms like RNN, CNN, LSTM, and GNN..

3.3 Dataset Description

The dataset used in this research project is based on traffic data
that have been acquired from Bangalore City, and it represents
the traffic conditions in the real world. It is made up of time
series data collected at fixed intervals and contains relevant
variables vehicle speed, traffic flow, and timestamp. Such as
traffic volume, speed, traffic flow, and timestamp. Other
calculated variables include hour of the day and day of the
week. The dataset has been preprocessed and normalized
before model training can be done as shown in Table 2.

Table 2. Description of Dataset Fields

1\?(') Feature Name Description Data Type
. Date and time of .
I | Timestamp traffic observation DateTime
Number of
2 | Traffic Volume vehicles passing a | Numeric
location
3 | Traffic Speed Avgrage speed of Numeric
vehicles
4 | Traffic Flow Yehlcles per unit Numeric
time
Number of
5 | Density vehicles per road Numeric
segment
6 |Hour Hour of the day Integer
7 |Day Day of the week Integer
8 |[Month Month of the year Integer
Year of
9 |Year observation Integer
10 | Day of Month Day of the month Integer
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Indicates
11 | Weekday/Weekend | weekday or
weekend

Categorical

Indicates whether

12 |Holiday it is a holiday

Binary

Weather
condition (clear, | Categorical
rainy, etc.)

13 | Weather Type

Atmospheric

Numeric
temperature

14 | Temperature

15 | Humidity Humidity level Numeric

Road condition
16 |Road Condition (dry, wet,
congested)

Categorical

3.4 Data Preprocessing

Preprocessing of data is done to enhance the quality of data and
successful training of the model. The missing values are taken
care of through forward-fill and interpolation, to ensure
continuation in the data.

The values are scaled to the range [0,1] by using min-max
normalization. A sliding window technique is used to transform
the time-series data into supervised learning format. The data
is separated into training and testing sets in the ratio 80:20.

These measures help to make sure that the input data is uniform
and fits the deep learning models

3.5 Feature Engineering

The feature engineering is implemented to increase predictive
performance of the models. To capture the temporal
dependencies, lag features are created to capture the past traffic
conditions. Periodic traffic patterns are represented by the
temporal features like hour of the day and the day of the week.
External conditions like weather conditions are also included
where necessary to enhance model robustness.

3.6 Model Development

Four deep learning models are used to carry out a detailed
assessment. Recurrent Neural Network is a sequential data
modeling baselines model. One-dimensional convolution is
used to implement Convolutional Neural Network and extract
local temporal features.

Long Short-Term Memory the Long Short-Term Memory is
constructed to handle the long-term dependencies in memory
cells. Graph Neural Network models transportation networks
between traffic nodes in the form of graphs. This choice allows
examining the time and space features of traffic data.

3.7 Model Training

The same experimental conditions are used to train all models,
in order to compare them fairly. The training is by a batch of
32 and Adam optimizer and Mean Squared Error loss function.
The convergence behavior is used to determine the number of
epochs. The hyperparameter optimization is conducted to
optimize the model performance and all the models are tested
on unseen test data.

3.8 Experimental Platform

Experiments will be conducted in the Google Colab platform,
which offers an environment suitable for conducting deep
learning experiments. It also offers GPU acceleration
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capabilities, which make it possible to train models fast. This
makes sure that experiments are easily reproducible due to ease
of sharing the experimental environment. Table 3 summarizes
the experimental environment, model training parameters, and
computational settings adopted to maintain consistency and
enable reliable performance evaluation across all deep learning
models.

Table 3. Experimental Configuration and Model Training

Settings
Parameter Value
Platform Google Colab
GPU Tesla T4 / Runtime
Train-Test Split 80:20
Batch Size 32
Optimizer Adam
Loss Function MSE
Epochs XX
Learning Rate XX

3.9 Evaluation Metrics

In terms of evaluation, the Mean Absolute Error, Root Mean
Square Error, Mean Absolute Percentage Error, and R? score
will be used. Such metrics will make it possible to assess the
effectiveness and robustness of models.

3.10 Comparative Analysis

Comparison will be conducted fairly as all the models will
undergo evaluation in the same environment. All the models
will use the same set of data preprocessed similarly.

4. RESULTS AND ANALYSIS

Performance assessment for all the suggested neural networks
was done on the basis of MAE, RMSE, MAPE, and R2 score.
All neural networks models were subjected to the same
experimental settings when training and testing for unbiased
comparison results.The quantitative results show that the The
model based on LSTM obtains the smallest MAE, RMSE, and
MAPE and the largest R-squared value, thus exhibiting a better
ability of prediction. It is reasonable because of its capability to
detect and predict traffic data with their temporal dependency
patterns.

In contrast, the GNN model has relatively poor prediction
performance in comparison with LSTM, CNN, and RNN
models due to higher values of errors and a lower R-square.
CNN and RNN exhibit rather decent results, although the
former detects only local temporal dependency and the latter
performs worse than LSTM in dealing with long-term patterns
as shown in Table 4.

Table 4. Comparative Performance of Deep Learning
Models Based on MAE, RMSE, MAPE, and R*

Mode

1 MAE RMSE R? MAPE

0.95604900

RNN | 3.414838821 | 4.876071783 6

5.868523768

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.109, May 2026

0.94743205

CNN | 3.889800278 | 5332688728 . 6.281685655
Ll\S,IT 3314152598 | 4.642455290 0'960j5957 5.575886170
14.38888836 | 17.88481330 | 0.40871435 | 18.92550433
NN
0 0 4 0
MAE Comparison of Models
T35
14
121
101
E;:' 8
2
6-
41 3.415 262 3314
2-
0 T T T T
RNN ChN LSTM GNN
Models

Fig 1: MAE Comparison of Models

Figure 1 presents the comparison of Mean Absolute Error
(MAE) among the evaluated deep learning models. The LSTM
model achieved the lowest MAE value (3.314), indicating
superior prediction accuracy and better capability to capture
temporal dependencies in traffic data. The RNN and CNN
models showed comparable performance with slightly higher
error values, whereas the GNN model recorded the highest
MAE (14.389), indicating reduced prediction effectiveness
under the current experimental configuration.

RMSE Comparison of Models

17.885

RMSE

5.333
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Fig 2: RMSE Comparison of Models

Figure 2 illustrates the Root Mean Square Error (RMSE) values
for all evaluated models. Among the considered approaches,
LSTM achieved the minimum RMSE value (4.642),
demonstrating improved robustness and lower prediction
deviation from actual traffic conditions. RNN and CNN
exhibited moderate performance, while GNN showed
substantially higher RMSE values, suggesting weaker
generalization capability for this dataset.
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MAPE Comparison of Models
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Fig 3: MAPE Comparison of Models

Figure 3 shows the Mean Absolute Percentage Error (MAPE)
comparison across the deep learning models. The LSTM model
achieved the lowest MAPE value (5.576%), indicating higher
prediction reliability and lower percentage deviation from
actual observations. RNN and CNN produced acceptable
prediction performance, whereas GNN exhibited significantly
larger percentage error, reflecting limitations in capturing
traffic patterns accurately.
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Fig 4: R*> Score Comparison of Models

Figure 4 compares the coefficient of determination (R?) values
for all models. LSTM obtained the highest R? score (0.960),
indicating the strongest explanatory capability and best fit to
the observed traffic data. RNN and CNN also demonstrated
strong predictive performance with high R? values above 0.94,
while GNN recorded a substantially lower score (0.409),
suggesting weaker alignment with actual traffic trends under
the selected experimental settings.

The findings from Table 3 and the graphs below illustrate that
the LSTM model is the best-performing model of the models
assessed. The LSTM model exhibits low errors and high R?
values, suggesting that the model is consistent with the actual
traffic values.

Comparison between the models using graphs also reflects the
same findings, as illustrated above. Based on the graph
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analysis, it can be seen that LSTM outperforms RNN and CNN,
whereas GNN shows poor results.

5. DISCUSSION

The results gained from the experiments shed light on the
performance of various deep learning architectures used for
traffic congestion prediction. It was found that the quality of
predictions depends heavily on the capacity of capturing spatial
and temporal dependencies in traffic data.

The high accuracy provided by the LSTM model is due to its
internal memory system which makes it possible to memorize
long-range dependencies in sequences. Patterns in traffic data
depend strongly on time since traffic congestion is affected by
past traffic flows, especially during peak hours and traffic
cycles. Therefore, LSTM performs well when predicting traffic
patterns.

Consequently, the task that comes up for GNNs is modeling the
spatial relationships among traffic nodes. However, any
question about congestion in one place necessarily includes
information about the level of congestion in other nearby
places. Nevertheless, at the moment, the use of graphs and data
sets makes it impossible to adequately capture spatial
dependencies. In terms of efficiency, CNN is average since it
allows extracting local features through convolutional
operations. However, due to its inability to model long-term
dependencies, CNN has some inefficiencies. As for RNN, it is
not as efficient as LSTM due to the same reasons.

Efficient use of Google Colab as a platform for experimenting
is yet another notable discovery. Through this approach, there
can be assured replicability and reduction of any hardware
limitations.

6. LIMITATIONS

There is a restriction on the usage of the specific data set, which
can affect the applicability of the findings in different traffic
scenarios. Other elements, including weather conditions,
accidents, and road conditions, cannot be fully taken into
account due to the lack of integration into the forecasting
mechanism.

Graph Neural Network relies on predefined graphs, limiting the
model from considering all the possible changes in space. The
computational restrictions prevent thorough hyperparameter
tuning and experimenting.

7. CONCLUSION

This paper is a comparative study of the deep learning model
of traffic congestion prediction within a single cloud-based
experimental setup. The models compared are RNN, CNN,
LSTM and GNN and their performance is considered based on
MAE, RMSE, MAPE and R 2 score.

The findings indicate that LSTM has the highest overall
performance since it is able to identify long-term temporal
relationships in traffic data. Even though GNN is conceptually
powerful in terms of spatial modelling, the existing one does
not perform better than the temporal models in this dataset
scenario. CNN and RNN are still viable baselines, which are
less efficient to model complex traffic patterns.

Google Colab is a good platform to use in the implementation
of deep learning experiments because it is reproducible,
scalable, and easy to implement. Altogether, it is possible to
state that the LSTM is the most effective model to predict
traffic congestion in the specified experimental conditions.
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8. FUTURE WORK

To make it easier for researchers to capture both time and
space, they can focus their efforts in the near future on
developing hybrid models which combine LSTMs with Graph
Neural Networks (GNNs). The prediction accuracy could then
be increased by including other factors or variables into the
models; such as weather, traffic accidents, and real time IoT
sensor data. The performance of the models could also
potentially be increased using more complex models based
upon transformers and/or attention mechanisms. Future studies
should investigate increasing the robustness and
generalizability of the proposed models by investigating the use
of larger and more diverse datasets. It would also be beneficial
to explore deploying these models in a real time environment
within a Smart City setting, so that Intelligent Traffic
Management Systems (ITMS) and Decision Making Systems
(DMS) could utilize this predictive capability..
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