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Abstract— Massive urban expansion and very heavy traffic congestion call for traffic management systems. "On Smart Traffic
Management" envisages systems created to predict Traffic Condition Low, Normal, High, or Heavy with better machine learning
algorithms. The current system uses Long Short-Term Memory and Logistic Regression, which work well but may not explain some
subtleties in traffic dynamics. The proposed system, in contrast, will utilize Random Forest, XGBoost, and Decision Tree classifiers
to enhance its performance and dependability. This setup is data-driven with historical traffic data, environmental factors, and real-
time data entries concerning great modeling for traffic forecasting. The interface is designed with HTML, CSS, and JavaScript for
the best possible user experience, while Python does the backend processing and analysis. Thus, its aim is to have an intelligent
traffic management system that predicts traffic on time, relieving congestion and improving urban mobility in general.
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I. INTRODUCTION

Promises for an increasing traffic complexity continue with the peaks of urbanization. Such increases in these developing areas have
manifested mostly in terms of the weight of and, consequently, adverse air quality and mobility aspects. Traditional method traffic
control-involves manual signal control and simple traffic monitoring systems, which have been revealed to be futile and inadequate
to satisfy modern fast-moving urban demands. Scientific and Technologically Accepted Paradigm Shifts into Advanced
Applications SDKs, Especially Data-driven Methodologies Like Machine Learning (ML) for Optimizing Traffic Flow, Are Needed
in Addressing Such Challenges.

Machine learning has opened tremendous avenues for applying this subject in traffic management since it is how a computer learns
from historical data to predict or decide without being told how to do so. The last decade has seen the creating of more recent
advanced ML algorithms like Random Forest, XGBoost, Decision Trees, and Long Short-Term Memory (LSTM) networks which
represent a class of increasingly powerful instruments for accurate traffic condition forecasting. These models will assess historical
traffic data while considering other environmental factors and make predictions about the current patterns.The basic idea behind
smart traffic management systems (STMS) is that real-time data in conjunction with historic records, meteorological conditions,
and other influencing can help determine traffic conditions for a specific area. Advanced machine learning techniques embedded
within this system can be used to predict such states as low, normal, high, or heavy congestion and dynamically adjust traffic signals
for better minimum congestion. The forecast also assists commuters in picking strategically convenient routes, thereby shortening
travel time and relieving stressThis research is on how machine learning algorithms can be applied actually to traffic prediction and
management. The traffic management system being considered has multiple machine learning models to see how performance,
reliability, and accuracy in traffic management methods compare. Implementation will include predictive and others which offer
better solutions in traffic forecasting rather than using traditional means.Traffic condition prediction does not, alone, make a smart
traffic management system efficient without the real-time use of it. This research takes into account diverse models that operate in
contexts of real-time decision-making for providing both authorities and drivers with functionality that smooths further urban
mobility.

IJRAR25B2424 ] International Journal of Research and Analytical Reviews (IJRAR) www.ijrar.org | 983



© 2025 IJRAR May 2025, Volume 12, Issue 2 www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)
A. Objective Of The Study

Thus, the system hopes to forecast original information about whether traffic conditions would be low, normal, high, or heavy with
reasonable accuracy. The main goal is congestion alleviation, delay minimization, and overall mobility enhancement of the city.
The study will attempt to achieve the following in aid of the primary goalof the Control of Congestion: Given that this system will
predict traffic flows, it will be instrumental for making better timing decisions for signals, lane use, and other means of dynamic
traffic control. Hence, this process will mitigate bottlenecks and allow for effective traffic flow.Enhanced System Usability: The
aforementioned success depends greatly on making an intuitive Ul designed using HTML, CSS, and JavaScript to enable interaction
between traffic manager authorities and commuters with the system. The Ul will express traffic predictions in an intelligible way
and would containReal-time Data Integration: information from different mediums such as sensor-based information, camera-based
information, and GPS data from vehicles will be integrated into the system for continuously updating the traffic prediction. Because
of this dynamic integration, the system can always fairly keep itself aligned to real-time changes, enabling accurate predictions.Once
aforementioned objectives are achieved, the study would enhance a prototype platform for future smart traffic management systems,
which can effectively use machine learning for making a city efficient, livable, and sustainable.

B. Scope Of The Study

Machine learning modeling can now furnish the environments of urban settings with traffic prediction and control. The study focuses
on the following aspects:

Data Collection and Preprocessing: This study comprises collection of huge data sets holding traces of historical traffic data
(speed and flow and volume), external influences (like weather conditions and holidays etc.), and the data produced by different
traffic cameras and GPS systems in vehicles. All this data will undergo preprocessing: Missing values will be sought; features
training and testing parts.

Implementation of the Predictive System: The predictive system is also a very important part of this study. The total backend of
this system will run fully on Python while Scikit-learn, one of the most efficient machine learning libraries will be complemented
by Pandas for data manipulation and Matplotlib for prediction visualization. The program's frontend will be built using HTML,
CSS, and JavaScript, therefore coming up with a user event-driven application.

Real-time Forecasting and Adaptation to Traffic: This research will also bring out how up to the mark machine learning
technologies can deal with or road closures. This will enable optimizing dynamic traffic signal control and developing route
suggestions to drivers thus avoiding traffic congestion.

Simulation and Testing: The proposed system will be taken through a battery of performance tests and simulations to ascertain
how it will perform in-the-field conditions. Testing methods will diversify to include how it affects delays along with overall urban
mobility. The results of these tests will govern future iterations of the system and improve its predictive capability. This study will
mainly focus on urban traffic optimization, however, realities of result will be hardly restricted to this as they would prove useful
even for other transportation systems or cities facing the same congestion and mobility challenges.

C. Problem statement

Out of all that, the effects of traffic congestion are the most evident after comparison in the urbanized regions of different continents.
The strain from heavy traffic jams brings about all the problems such as delay and efficiency. It, however, does damage to the
environment. It is now proven and accepted that with the ever-increasing number of vehicles and little road that can be used for
them, normal traffic management systems and facilities will prove to be inadequate in facing such problems. Most of the systems,
if not all, are usually having their signal timings set by the manual way, which is static and does not respond to any of the dynamic
changes made in conditions of traffic. This limitation in their capability of using methods for real-time, data-driven decision-making
leads to increased inefficiencies and, most obesely of all, brings in heavy congestion in traffic.One of the significant problems
current traffic management systems face is a lack of forward-looking studies to help them in such circumstances. Without the
accurate predictions of traffic conditions, the authorities concerned have no clue regarding the optimization of traffic signal timings,
dynamic adjustments, or redirection of the traffic flow. So, drivers have no idea when they should be looking out for the expected
congestion on specific routes or when it may be best for them to take an alternate route, so they end up with longer travel times and
more stress. And since the cities are marching forward into the future, it will likely just get worse due to congestion unless intelligent
adaptive solutions are provided.In actuality, machine learning is adopted as the remedy for this because it creates predictive
conditions since now, it can use historical data and actual input data to predict traffic conditions. Considering how most of the
established machine learning-dependent traffic prediction schemes employing limited models, such as LSTM and Logistic
Regression, that are certainly among the very useful well-wishers but fail to incorporate all the aspects of the traffic dynamics, the
identified system is made to utilize a number of robust varied models like Random Forest, XGBoost,.

Il. RELATED WORK

Traffic optimization through machine learning approaches storms a field that has gained visible traction within the last ten-year
period, thus several works have continued to pay attention towards studying various algorithms and methods to improve traffic
prediction[1] and control. Various approaches that border on traffic prediction have been exercised, from the simplest statistical
models to more complex machine-learning techniques. [2]Usually, these studies dealt with the accuracy of forecasting models that
entail prediction of traffic flows, speeds or congestion conditions based on past as well as real input[3] In such case, Decision Trees
have been used to model data related to traffic congestion, giving very good results due to their interpretability and the possible
handling of categories.[4] These Random Forests comprising different Decision Trees perform well in comparison to a single
Decision Tree because of their ability to manage[5] overfitting and their preparatory gaining much attraction in terms of traffic
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prediction tasks due to its power of[6] considering temporal dependencies very high in time series data. These LSTM models have
actually been trained on historical traffic data and have been used with remarkable results on predicting traffic speed and flow.
However, despite being time dependence proficient, such models require a large datum size and often do not consider some factor
as important such as weather or accidents. [7]Another gradient boosting algorithm that has been used to predict traffic is XGBoost.
[8]This technique has become trendy because it is a very effective predictor in modeling under-structured data and can simulate
very complex high-dimensional data but requiring less computing power than deep learning models. XGBoost has shown prediction
prowess regarding traffic conditions[9] in various input datasets, which were provided by environmental weather data, traffic
volume, and road conditions.Despite the successes of all these separate models, they cannot measure up to more formidable systems
that are integrated to allow real-time prediction under varying conditions.[10] [11]The gap this [12]study seeks[13] to fill is
development of a machine[14] learning system[15] that integrates different models into one assembly unit, which would be able to
process different heterogeneous inputs for effective, timely traffic predictio[16][17][18]

I1l. PROPOSED SYSTEM WORKFLOW

This approach is directed towards the use of normalpatterns dependent on a cloud of indications and prescriptive associating
mechanism. Such patterns are artificial intelligence-accomplished pattern recognition in predicting traffic congestion. Over data
rich such sets from historical traffic databases and environmental conditions, the approach integrates into real-time information-
time-dependent real-time information being especially helpful in predicting the present traffic condition as Low, Normal, High, or
Heavy. There are important parts of this process loading a dataset, preprocessing, model training, and classification-which is model
deployment for live predictions. These all steps are necessary for the expected functioning of the system that would lead to accurate
predictions on urban mobility optimization. The very first step the collection and loading of information into the system is being
executed. These items are traffic data from traffic cameras, traffic signal control sensors, and GPS-enabled vehicles. Data items
include counts of vehicles, and environmental factors such as speeds and weather conditions that would aid under-traffic behavioral
understanding. These data once collected need to be cleaned transformed and pre-processed to suitable format for machine learning
modeling. Data preprocessing therefore is all about all inconsistencies, missing values, and outliers thus improving the performance
of machine-learning algorithms. Upon the completion of the data assimilation-validation process within the system, the first step in

pre-
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Fig 1: Block Diagram

A. Loading Dataset

For machine learning models, the data should not only be complete but should also vary considerably from one aspect of traffic
behavior to another, which are essentially the kernels of machine-learning models. Sources for traffic data include many sources,
such as traffic cameras, GPS tracking from vehicles, sensors on traffic lights, and other smart city infrastructures. These datasets
generally have attributes such as vehicle speed.

In this system, data collection is going on for the historical data and real-time data. Historical data generally set the baseline patterns
and trends in traffic, which are very much needed in training the machine learning models, while real-time data indicate the present
status of the traffic-in-given congestion or accident situation-considerably impacting the predictability of the system.

Once the data is collected, it looks accessible for other applications to be processed by the machine learning model. This data could
be stored either using RDBMS or Hadoop, depending on its scale. Data ingestion techniques provide varied means to load the
dataset into the system through batch processing or streaming techniques,
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B. Preprocessing

Preprocessing would hack it out to be the most important ingredient in any machine-learning pipeline with a very direct bearing on
data quality and hence on model performance. In the case of a proposed smart traffic optimization system, four stages are essential
in preprocessing: data cleaning, normalization, feature engineering, and splitting into training/testing sets.

Data Cleaning: The first phase in data cleaning includes imputing missing values, removing duplicates, and deleting any irrelevant
or erroneous entries. Missing values in traffic datasets are caused usually by sensor error or missing data recordings. Duplicate
entries must be removed to avoid bias in training, and erroneous data values referring to outliers or impossible values (e.g. negative
vehicle counts) could also be rejected.

Normalization or Standardization: Appropriate different scales of measurement, being used in traffic data, for instance, speed (in
km/h), and vehicle count (number of vehicles). To avoid a situation where one feature, due to larger range/scale, might sway all
others during model training, measures of normalization/standardization of data come into effect. Normalization is said to have been
performed when the features are scaled between values 0 and 1, while standardization transformshas a mean equal to 0 and standard
deviation equal to 1. Accordingly, it thus becomes ensured that all features, regardless of scale, contribute equally towards model
predictions.

Feature Engineering: Feature Engineering-in the newly created features from existing ones-amplifies traffic pattern insight. For
example, adding information related to will bolster the model's ability to predict traffic. Similarly, features that may influence traffic
could include environmental effects like climatic conditions and construction.

Data Splitting: This final step involves the physical split of the dataset into training and testing datasets. Generally, 70-80% of the
data goes for training and 20-30% for testing. Such a split allows the model to be tested against unseen data, which subsequently
gives a more realistic picture of the performance.

C. Model Training and Classification

Data preprocessing is followed by model training and classification. Several machine learning algorithms were implemented in this
work: Random Forest, XGBoost, Decision Tree, and Long Short-Term Memory. All these models perform well and their
contribution in percentage terms to the overall performance of the system.
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Fig 2: System Architecture

IV. METHODOLOGY

The proposed methodology of a Smart Traffic Optimization System is a hybrid methodology that encompasses the traditional
machine learning algorithms along with more advanced techniques such as deep learning. The system architecture and the decision
model have been formulated to present a dynamic and accurate prediction of traffic conditions. The core components of the
methodology.

First, a diverse set of traffic-related data from traffic cameras, environmental sensors, and global positioning system data from
vehicles will be collected, along with factors such as weather conditions, accidents, and road works. This data is stored and processed
for the machine learning algorithms. Preprocessing consists of handling such data processes as missing value treatment, data
normalization, and creating new features.

The further step is about training Random Forest, XGBoost, and Decision Tree Classifier machine learning models using historical
and real-time traffic data. The more accurate and performing random forest, XGBoost, and Decision Tree classifier models can be
selected for deployment to prediction. Also, time dependency of real traffic data can be more precisely captured by the use of LSTM
networks in this system.

This next step involves training historical and current traffic datasets to a Random Forest, XGBoost, and Decision Tree classifier
machine-learning model. Based on the result giving a model such as random forest, XGBoost, and Decision Tree classifier that
gives higher accuracy and performance can be selected for prediction application. For more accurate time dependency capturing for
real traffic data, there will be LSTM networks incorporated into the system.
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The system will have a user-friendly interface to present predictions to users. The web-based design employing HTML, CSS, and
JavaScript. Backend processing of data and model inference is done in Python, ensuring fast and reliably predicted data. The goal
of the methodology is thus to design a strong intelligent traffic management system to absorb changes in traffic patterns

A. Random Forest and Decision tree

Random Forest and Decision Tree: These two tree models truly excel in dealing with conditioned structured traffic data i.e. Random
Forest classifiers or Decision Tree classifiers. A Decision Tree model will branch the data using feature values and aposthon it
predicts through leaf nodes. Random Forest is an ensemble, which grows very many Decision Trees and averages the results for
improving accuracy and minimizing overfitting. Real skills are how to model complex but nonlinear relations among the features.

Random Forest and Decision Tree Decision Tree or Random Forest classifiers: These two types of tree models serves as an excellent
model under the scenario where they have to deal with structured traffic data. A Decision Tree model branches the data according
to the feature values and where the final prediction will be made at its leaf nodes. Random Forest is said to be an ensemble, which
grows many many Decision Trees and average their results to improve accuracy and lead to lower overfitting. They are the real ones
you can rely on for modeling the most complex but nonlinear relationships between features.

RandomForestClassifier Accuracy: 8.997229916897587
precision  recall fl-score  support

@ 1.08 1.68 1.68 735

1 1.08 8.99 1.68 741

2 1.08 1.68 1.68 715

3 8.99 1.68 8.99 897

accuracy 1.60 2888
macro avg 1.08 1.68 1.68 2838
weighted avg 1.08 1.88 1.68 2838

Fig 3: Classification report of Random forest
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Fig 4: Confusion matrix of Random forest

accuracy 8.99376731381939%86
Here is the classification report of the model

precision recall fil-score  support

8 1.8 1.68 1.68 735

1 8.99 1.68 6.99 741

2 8.99 1.60 1.60 715

3 8.99 8.99 8.99 697

accuracy 8.99 2888
macro avg 8.99 8.99 8.99 2888
weighted avg 8.99 8.99 8.99 2838

Fig 5: Classification report of DT
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Fig 6: Confusion matrix of DT

B. XG Boost

XGBoost: - Extreme Gradient Boosting is the latest state-of-the-art algorithm in ensemble boosting. A new tree is built in correcting
the errors of the preceding trees, hence building a series of trees sequentially. The utmost advantage in this technique is speed and
accuracy, leading it to be widely used in management prediction.

XGBoost Accuracy: 8.996191135734872
precision  recall fl-score  support

] 1.88 1.66 1.08 735

1 1.88 8.99 1.08 741

2 1.08 1.08 1.08 715

3 8.99 1.66 .99 697

accuracy 1.68 2888
macro avg 1.08 1.08 1.68 2888
weighted avg 1.88 1.08 1.68 2388

Fig 7: Classification report of XG Boost
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Fig 8: Confusion matrix of XG Boost
C. LSTM
The current-state traffic situation does not deviate from the previous-state traffic situation. Therefore, LSTM can learn these
temporal dependencies and is well-suited for traffic prediction. LSTM networks are excellent for traffic forecasts based on historical
traffic data's temporal dimensions. Once the models are selected, they are trained and validated via cross-validation techniques on
the training dataset for hyperparameter optimization with no overfitting. Finally, each of the models is evaluated using test datasets
to derive the accuracy, precision, recall, and F1-score.
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D. Logistic regression

The predicted probabilities of the dependent variable are defined by the logistic function, or more commonly the sigmoid function,
in logistic regression. It is a transformation of one particular input to generate an output probability, which takes on a value between
0 and 1, with one class being referred to as 0 and the other class as 1. Logistic regression is the statistical approach used for binary
classification: the logistic function models the relationship between a dependent binary response variable and a number of
independent variables. The expression is given as follows:

Logistic Regression actually defines a function as a logistic function or as a sigmoid function, which is actually going to predict
probabilities as well about the dependent variable. A function, which turns one input into an output probability, lies between the
values of 0 and 1, with one class being named 0 and the other as 1. Logistic regression is the statistical method to be used to
classification of data into two groups by a logistic function, which forms a special relationship between a dependent binary response
variable and one or more independent variables. The function is as follows:

Accuracy Score of Logistic = 8.681713988919667¢

coonfusion matrxi of Logistic =

[[2615 227 @ 33]

[ 379 1687

8 303

[ 27@ 163 1183 1279]

[ 342 558

555 1466]]

Fig 10: Classification report Logistic regression
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Fig 11: Confusion matrix of Logistic regression

V. DISCUSSION AND RESULTS

The traffic patterns are forecasted by ML algorithms and utilized very much in the systematic usage of traffic control. Both Long
Short-Term Memory (LSTM) and Logistic Regression predictive models were quite successful in prediction. But since the highway
is so fast changing, one needs to have much more prepared for the intricate management of this high-complexity dynamic nonlinear
traffic system. The proposed model would bridge the normal gaps in Random Forest, XGBoost, and Decision tree approaches.
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A strong observation from the study, classifier algorithm frameworks like Random Forest or XGBoost have achieved significantly
larger accuracies with higher robustness when capturing complex interrelationships. It can model the relationship of the input
variables such as past traffic data, weather parameters, and close to real-time data. Random forest acts as an all-classifier that has
multiple decision trees; or where some data are missing in some case of observations. Therefore, it is XGBoost that makes its edge
over all with regard to this model of gradient boosting since this makes predictions iteratively with focus on losses from previous
models.

Through the use of training data that included historical traffic data, environmental factors, and real-time data from sensors or traffic
cameras, it has been observed that the prediction for traffic conditions (Low, Normal, High, or Heavy) dramatically improves in
accuracy. This system, therefore, observed patterns of congestion in the traffic with a great deal of accuracy such that city managers
and drivers alike may have the chance to plan strategically on informed prediction. Interestingly, it was also observed that the
XGBoost model found to outperform any other machine learning classifiers within the perspective of both training time and accuracy
prediction of such speedily reliable solutions in management.

User tests have come through excellently for this interface built into HTML, CSS, and JavaScript. The experience was so intuitive
that the system gave real-time updates and predictions for different routes to enable decision-making by users. The backend based
processing through Python guarantees efficient handling of data and analysis while ensuring that the system can scale up with
expanding urban areas associated with rising traffic data.

Nonetheless, the mentioned successes brought into light some issues in fine-tuning the machine-learning models. A minor drop in
the accuracy of prediction during extremely adverse weather conditions points to the fact that intensive feature engineering and
model training would be applicable. Since the model depends on real-time data, major issues concerning the availability and
consistency of data arise especially at traffic incident times and unexpected downing of systems.

VI. FUTURE ENHANCEMENT

However, due to the advent of machine learning algorithms smart traffic systems advanced so high a lot in predicting traffic
conditions correctly. However, some key areas to be improved in the future include more real-time data integration in model
refinement, scalability, and user interaction.

Hybridization for Model Fine Tunings: Random forest, XGBoost, and Decision Trees have shown superior performance; however,
by adding hybrids using the very integrations from using multiple algorithms will improve prediction accuracy even more. For
example, consider putting together a time series model like LSTM with tree-based models at such dynamic traffic situations or
events- this might raise the chances to predict something traffic patterns during such atypical events, or very fast changing situation.

Real-Time Data Integration: The system primarily relies on pre-reported data for training the system to improve their real-life
adaptability by also adding streaming data from an extremely comprehensive array of real sources such as traffic cameras, 10T
devices, satellites, such as gps data reports from vehicles, or even social media feeds to event detection. Live feeds and outside-
universe data such as accidents, road closures just-in-time before use, and possible changing weather situations will be evidence of
now being updated reality and accuracy in prediction.

Grow Scalability for Big Urban Space: In bigger cities, traffic systems should grow accordingly with respect to the cities. The
current model is limited by the number of input data and, therefore, should be improved so it becomes scalable about future
developments. Improving achievement with methods like distributed computing either use of clouds to even edge computing will
make the system efficient and responsive when the volume of data grows. Such scalability will also define the application of the
system across several cities and large metropolitan areas with different traffic characteristics and environments. More Enhanced
User Interface and but maybe in the interpretation of future versions, advanced features such as suggestive travel recommendations
specific to the user or anticipating delay alerts, for example, could be added, or integration into navigation applications, for example,
those from Google or Waze. Moreover, voice integration for hands-free operation and access in multiple languages would facilitate
many users' access to it.

Predictive Maintenance: Predictive maintenance for traffic systems and sensors would probably turn out to be a trending area of
smart city infrastructure as developmental cities evolve with the times. By using a predictive model for monitoring the health.

VII. CONCLUSION

The latest smart traffic optimization proposal based on Machine Learning definitely ushers a great leap in urban mobility. Increased
complexities in urban traffic have rendered the traditional rigid rule and simple prediction models on traffic management insufficient
to meet the ever-increasing challenges posed by congestion in the city. By applying some of the latest machine learning algorithms
like Random Forest, XGBoost, and Decision Trees, this system has much more prospects and probabilities in predicting the traffic
pattern with increased precision.

The system would indicate the way for traffic authorities and commuters by predicting traffic conditions ranging from low to high
traffic. On the contrary, with specific data sources from history traffic data, real-time sensor input, and environmental factor values,
traffic conditions that do not affect real-time duration are predicted such that traffic can be optimized. For example, it predicts
potential future time congestion, where dynamic action can be initiated, such as adjusting timings or rerouting some parts of the
city, with planners being prepared to reduce traveling pollution and reduction in travel time and costs.
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Real time traffic information solutions have been designed within the websites using PHP, SQL, and Django integrated to provide
user interfaces using HTML, CSS, and JavaScript. Thus usability is straightforward and friendly for all users with real-time updates
because of the use of Python back end processing, making the system maintainable while tackling big data and fast and accurate
predictions. This adds up to real-time feedback even for much more timely decision making by the users themselves regarding their
travel routes, and it is a basic need to optimize overall efficiency in the city traffic system.However, this is the kind of system that
has great promise and also has boundaries. Still, variances in the data are major problems, especially in some irregular traffic events
or during extreme weather conditions. Such cases would reduce the reliability of predictions, while more development in feature
selection and model training would be required to better account for operation under those specific circumstances. Overall, this
system of smart traffic optimization holds great promise for changing urban traffic management. Machine learning techniques
applied in predicting and alleviating congestion will free cities from bottlenecks, minimize impacts on the environment, and increase
urban appreciation for travel. This forms a new and great stepping stone towards the future development of mobility solutions for
people in cities that have to move on artificial legs powered by intelligent decision-making based on data to create efficient and
sustainable cities.
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