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ABSTRACT

The increasing complexity of urban transportation systems and the growing volume of vehicles
have made traffic congestion a persistent challenge in modern cities. Efficient traffic flow
prediction is essential for mitigating congestion, improving road safety, optimizing traffic signal
control, and enhancing overall transportation efficiency. In recent years, artificial intelligence (Al)
has emerged as a transformative tool in the field of traffic management, offering sophisticated
algorithms capable of modeling, analyzing, and predicting complex traffic patterns with high
accuracy. The application of Al in traffic flow prediction leverages vast amounts of real-time and
historical data to generate precise forecasts, supporting data-driven decision-making by urban
planners and traffic control authorities.

The prediction of traffic flow involves analyzing time-series data that exhibit nonlinear, dynamic,
and often stochastic behavior. Traditional statistical models, such as autoregressive integrated
moving average (ARIMA), have proven to be limited in handling the high dimensionality and
variability inherent in traffic systems. In contrast, Al algorithms possess the capacity to learn and
adapt from complex data inputs without the need for explicit programming, making them
particularly suitable for traffic-related applications.

Al algorithms used in traffic flow prediction can be broadly categorized into machine learning
(ML) and deep learning (DL) approaches. Machine learning algorithms such as k-nearest
neighbors (KNN), support vector machines (SVM), decision trees, and random forests have
demonstrated effectiveness in short-term traffic prediction tasks. These algorithms are capable of
identifying hidden patterns in traffic data and adjusting to changes in traffic behavior over time.
Ensemble methods, which combine the strengths of multiple learning models, further enhance
prediction accuracy and robustness.

Deep learning algorithms, a subfield of Al inspired by the human brain’s neural architecture, have
shown exceptional performance in capturing spatial-temporal dependencies in traffic data.
Recurrent neural networks (RNNSs), particularly long short-term memory (LSTM) networks and
gated recurrent units (GRUs), are widely used for their ability to process sequential data and
retain information over extended time intervals. Convolutional neural networks (CNNSs) are
employed to extract spatial features from traffic sensor data or road network imagery. Hybrid
models that integrate CNNs with RNNs have achieved high levels of predictive precision by
simultaneously learning spatial and temporal correlations.

In addition to supervised learning methods, unsupervised and reinforcement learning techniques
are also applied in traffic flow prediction. Clustering algorithms, such as k-means and DBSCAN,
assist in identifying traffic patterns, while reinforcement learning models optimize adaptive traffic
signal control systems by learning optimal actions through environmental interaction.

This study explores the different types of Al algorithms used in traffic flow prediction, examining
their theoretical foundations, structural differences, and practical applications. It aims to evaluate
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the comparative advantages of various algorithms in addressing the challenges of real-time traffic
prediction in increasingly complex transportation networks.

Keywords: Machine Learning, Deep Learning, Neural Networks, Regression Models,
Reinforcement Learning

Introduction

Traffic flow prediction is a critical aspect of modern transportation management, aiming to
enhance the efficiency and safety of road systems. With the increasing complexity of urban
traffic, the need for accurate and real-time traffic forecasting has become more pressing. Artificial
Intelligence (Al) has emerged as a powerful tool in this domain, offering innovative methods to
model and predict traffic patterns. Various Al algorithms have proven effective in handling the
dynamic and often unpredictable nature of traffic systems. Al algorithms employed in traffic flow
prediction can be broadly categorized into machine learning (ML) techniques and deep learning
(DL) methods. Machine learning models, such as regression analysis, decision trees, and support
vector machines, are commonly used to predict traffic flow based on historical data and real-time
inputs. These algorithms rely on predefined features like traffic volume, weather conditions, and
time of day to make predictions. On the other hand, deep learning methods, including
convolutional neural networks (CNNs) and recurrent neural networks (RNNSs), have shown
superior performance in traffic prediction tasks. CNNs are particularly effective when dealing
with spatial data, such as road maps, while RNNs, particularly long short-term memory (LSTM)
networks, excel at processing sequential data, making them ideal for time-series forecasting of
traffic patterns. Another promising approach is reinforcement learning (RL), where algorithms
learn optimal traffic control strategies through interactions with the environment. The integration
of these Al algorithms with real-time traffic data from sensors, cameras, and GPS systems has
opened new possibilities for traffic prediction systems. By leveraging Al, traffic management
systems can improve traffic flow, reduce congestion, enhance public safety, and provide more
efficient routes for commuters, ultimately contributing to the creation of smarter, more sustainable
cities.

Objective
The aim of the research is to explore the types of Al algorithms used in traffic flow prediction.

Relevance of the problem and related studies

The topic of types of Al algorithms used in traffic flow prediction is highly relevant due to the
growing need for efficient, intelligent transportation systems in urban environments. With rapid
urbanization and increasing numbers of vehicles, cities face severe traffic congestion, leading to
delays, pollution, and reduced quality of life. Al algorithms play a critical role in predicting traffic
patterns, enabling better traffic control and infrastructure planning. Accurate traffic flow
prediction supports real-time decision-making for navigation systems, traffic signal optimization,
and emergency response coordination. Al models—especially those using deep learning and time-
series analysis—enhance the precision of these predictions. Different Al algorithms (e.g., neural
networks, decision trees, support vector machines, reinforcement learning, and hybrid models) are
suited to different types of data and prediction goals. Understanding the types and capabilities of
these algorithms is crucial for selecting appropriate methods in specific traffic scenarios. 4. Data-
Driven Infrastructure ManagementModern transportation systems generate massive amounts of
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data from sensors, GPS devices, and cameras. Al algorithms can process and learn from this data,
making it possible to forecast traffic flow patterns, detect anomalies, and plan road maintenance
or expansions. By reducing traffic congestion through accurate predictions, Al helps lower fuel
consumption, greenhouse gas emissions, and travel costs. This contributes to sustainability goals
and more efficient urban economies. Al-driven traffic prediction is a core component of smart
cities. Its relevance lies in how it integrates with Internet of Things (loT) devices, connected
vehicles, and automated public transportation systems to create responsive, adaptive urban
mobility networks. As machine learning and deep learning techniques evolve, new algorithmic
approaches (like graph neural networks or transformer-based models) offer improved accuracy
and efficiency. Studying the types of Al algorithms used in this field keeps researchers and
practitioners at the forefront of innovation.

Methods

Traffic flow prediction is a complex and dynamic process. Traditional machine learning
algorithms used in this process make it possible to make data-driven decisions and predict future
traffic situations. The main types of these algorithms include Linear Regression, Support Vector
Machines (SVM), Decision Trees, Random Forests and K-Nearest Neighbors (KNN). Linear
regression is used to model the linear relationship of a dependent variable with independent
variables. In traffic prediction, this method uses historical trends to predict traffic volume in a
certain time period. For example, the future density of a road with heavy traffic observed during
weekday morning hours can be predicted based on historical data. Although this method offers a
simple and fast approach, it may be insufficient in cases where complex and non-linear
relationships exist. Support Vector Machines are a powerful algorithm that can model non-linear
relationships between data. In traffic prediction, it can work accurately in cases where density and
speed are variable. In particular, it enables classification and prediction between complex data
thanks to kernel functions. For example, SVM offers an effective solution for modeling traffic
density changes at different hours. Decision trees create decision rules by dividing data into
branches. In traffic prediction, it can work with categorical and numerical data such as hours of
the day, weather conditions, and special events. However, it carries the risk of overfitting.
Random Forests, which are used to reduce this risk, combine multiple decision trees to provide
more robust and accurate predictions. The K-Nearest Neighbors (KNN) algorithm analyzes the K
most similar neighbors for the prediction of a new data point based on past data [4]. In traffic
prediction, the traffic situation in a certain time interval is predicted by learning from similar time
periods in the past. This method attracts attention with its simplicity, but the computational cost
increases in large data sets. These algorithms are often used as basic steps in complex problems
such as traffic flow prediction and are often combined with more advanced deep learning
techniques. However, the speed and interpretability of traditional machine learning algorithms
still make them valuable, especially in small-scale projects.

Since traffic flow prediction is a dynamic and complex problem, deep learning algorithms play an
important role in this area. Deep Learning Algorithms provide effective tools for analyzing and
interpreting large amounts of complex traffic data. These algorithms include Recurrent Neural
Networks (RNN), Long Short-Term Memory Networks (LSTM), Convolutional Neural Networks
(CNN), Graph Neural Networks (GNN) and Autoencoders. Recurrent Neural Networks (RNN)
were developed specifically to model time series data. They are used to account for the impact of
past traffic conditions on future predictions in traffic flow. For example, traffic data from previous
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hours is used as an input to estimate traffic density on a road at a certain time period. However,
standard RNNs may have difficulty modeling long-term dependencies, which leads to the use of a
more advanced approach, LSTM. Long Short-Term Memory Networks (LSTM), as a variant of
RNN, are quite successful in modeling long-term dependencies [1]. In traffic flow prediction,
future traffic conditions can be predicted based on long-term historical data. For example, when
predicting traffic density during holiday periods, LSTM can take into account both daily changes
and weekly or seasonal trends. This feature makes LSTM ideal for complex traffic data.
Convolutional Neural Networks (CNN), although usually used in visual data analysis, are also
suitable for analyzing spatial data such as traffic maps or road plans. In traffic prediction, it can
predict road conditions by analyzing traffic density maps or images obtained by cameras. For
example, satellite images and density maps can be processed with CNN to understand traffic flow
in a city. Traffic networks can be naturally modeled in a graph structure. Intersections are
represented as nodes, and roads as edges. Graph Neural Networks (GNN) are used to predict
traffic flow by analyzing the connections between different intersections. For example, a traffic
network in a city can be analyzed with GNN to model the density and connections between
intersections. Autoencoders are used to detect anomalies by representing data in a compressed
form. In traffic prediction, it is possible to determine situations such as an unexpected accident or
abnormal traffic flow with the help of autoencoders. These algorithms simplify the analysis
process by preserving important features while reducing the size of the data. Deep learning
algorithms offer powerful and flexible tools for traffic flow prediction. Especially when working
with large data sets, RNN and LSTM provide effective solutions in time series predictions, CNN
in spatial analysis, GNN in modeling traffic networks, and autoencoders in anomaly detection.
The combination of these algorithms allows for the development of more precise and detailed
traffic prediction models.

Traffic flow prediction is a complex problem that requires analysis of both temporal and spatial
components. Hybrid models increase the prediction accuracy by combining these two dimensions.
In particular, LSTM-CNN models and Attention Mechanisms overcome the limitations of
traditional models and provide more precise predictions. LSTM-CNN models combine temporal
and spatial data processing capabilities. While LSTM specializes in learning long-term
dependencies in time series data, CNN is strong in analyzing spatial features. This combination is
ideal for modeling traffic flow based on both time and space. For example, to predict traffic
density in different parts of a city, spatial patterns in traffic maps are first extracted with CNN,
and then temporal changes of this data are analyzed with LSTM. Thus, both trends in historical
traffic data and spatial distribution of traffic flow are taken into account. This hybrid approach is
successfully used in traffic prediction models, especially in large cities. Attention mechanisms
increase the performance of models by focusing on the most relevant parts of the data. Attention
mechanisms integrated into time series algorithms such as RNN or LSTM determine which time
periods or spatial regions are more important in traffic prediction [6]. For example, heavy traffic
flow in the morning and evening hours may have a more significant effect than other time periods.
Attention mechanisms increase the accuracy of predictions by giving more weight to such
important time periods. In addition, when analyzing connections between different intersections
or roads, directing attention to the most critical connections provides more effective results in
traffic prediction. Hybrid models offer modern and effective solutions in traffic flow prediction.
While LSTM-CNN models allow temporal and spatial data to be analyzed together, attention
mechanisms increase the focusing ability of the models and improve the precision in predictions.
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These approaches are especially applied in regions with dense and complex traffic networks, and
provide valuable contributions to traffic management.
Traffic flow prediction is a complex problem that requires effective handling of uncertainties and
variables. In this direction, probabilistic models offer a powerful approach. Bayesian Networks
and Hidden Markov Models (HMMs) are frequently used methods in modeling uncertainties in
traffic data and making predictions. Bayesian Networks are directed graph structures used to
model probabilistic dependencies between variables. In traffic prediction, it is suitable for
modeling relationships between different roads, intersections and environmental factors. For
example, traffic density at an intersection may be related to situations at other intersections in the
vicinity. Bayesian Networks are used to understand such relationships and predict traffic flow
under certain conditions. The biggest advantage of Bayesian Networks is the ability to work with
missing data. For example, when there is a lack of traffic data received from sensors, Bayesian
Networks can make probabilistic predictions based on the available data. In addition, it provides
effective decision support systems by performing situation analysis in various scenarios, such as
when a road is closed. Hidden Markov Models are a method used to model the situations of
systems that change over time. In traffic flow, the traffic status of a particular road (e.g., open,
busy, or congested) can be considered a “hidden state”. HMMs analyze observations in traffic
flow to estimate these hidden states. For example, using observations such as speed and vehicle
density data obtained from traffic sensors, they can estimate the current state of a road and how
this state will change. In addition, HMMs provide realistic estimates by including dynamic events
such as traffic accidents or sudden weather changes in the model [36, p.68]. Bayesian Networks
and Hidden Markov Models are effective tools for handling uncertainties and variables in traffic
flow prediction. While Bayesian Networks stand out in modeling dependencies between variables
and working with incomplete data, HMMs are successful in estimating situations that change over
time. These models are used to develop real-time predictions and strategic decision support
systems, especially in complex traffic networks.
In traffic flow prediction, reinforcement learning algorithms offer effective solutions for
managing dynamic and ever-changing traffic systems. These algorithms learn by receiving
feedback from the environment while trying to achieve a certain goal to optimize traffic flow.
Methods such as Q-learning and Deep Q-Networks (DQN) are particularly prominent in traffic
signal control and congestion management. Reinforcement learning allows an agent (for example,
a traffic signal control system) to learn the most appropriate actions by interacting with its
environment. The agent is presented with a certain situation and receives rewards or punishments
as a result of its actions. The goal is to develop a policy that maximizes rewards. In traffic flow,
this situation can be associated with goals such as reducing congestion, reducing vehicle waiting
times, or improving overall flow. Q-learning is a basic reinforcement learning algorithm. This
method calculates a Q-value for each situation-action pair, and this value indicates how beneficial
a certain action is. In traffic prediction, it can be used to control traffic signals at an intersection.
For example [5]:

e Situation - Information on vehicle density or traffic flow at the intersection.

e Action - Decisions such as extending the green light duration, changing the signal order.

e Reward - Less waiting time or reduced congestion.

e Over time, Q-learning learns and implements the most appropriate traffic signal control

strategy.
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Deep Q-Networks (DQN) are an extension of Q-learning and can solve more complex problems
using deep learning methods. In traffic signal control, DQN excels at understanding more
complex and dynamic traffic situations by learning from large data sets. For example, in busy
intersections or complex traffic networks where multiple roads interact, DQN offers effective
solutions to reduce congestion. DQN can optimize signal timings based on real-time data
collected from traffic sensors. It also provides great advantages to traffic management systems
with its ability to quickly adapt to sudden changes such as traffic accidents or road closures.
Reinforcement learning algorithms offer dynamic and proactive solutions in traffic flow
prediction. While Q-learning provides an effective approach for simple cases, DQN excels in
solving more complex traffic problems. These methods are widely used in modern traffic
management systems to reduce congestion and optimize traffic flow.

Traffic flow prediction is a critical area with a wide range of applications from urban planning to
driver safety. Time series analysis techniques stand out among the artificial intelligence (Al)
algorithms used in this field. ARIMA (Autoregressive Integrated Moving Average) and SARIMA
(Seasonal ARIMA) are two commonly used models among these techniques. ARIMA
(Autoregressive Integrated Moving Average) is a model designed to make predictions based on
past trends and moving averages in traffic data. The autoregressive (AR) part analyzes how past
values affect the current value, while the moving average (MA) part models the effects of error
terms. The integration (1) element includes the process of making the data stationary. The
effectiveness of ARIMA in traffic prediction increases when the data is stationary and contains a
significant trend. For example, the ARIMA model can be used to predict morning and evening
traffic congestion in a city. However, this model may be limited in capturing more complex
patterns such as seasonality. SARIMA (Seasonal ARIMA) is an extension of ARIMA to include
seasonal components. Seasonal traffic patterns may include regular recurring patterns, such as
differences in weekday and weekend traffic patterns. SARIMA adds seasonal autoregressive and
seasonal moving average terms to model such seasonal effects. This model is particularly
effective in long-term traffic forecasts and data with significant seasonality. ARIMA and
SARIMA models provide effective results in cases where historical data can be used for robust
forecasting. However, the success of these models depends on the quality of the data used and the
correct optimization of the model parameters. In addition, ARIMA and SARIMA models may be
limited to handle large data sets with sudden changes, event-based traffic spikes, or complex
relationships. In such cases, more advanced Al algorithms such as deep learning-based methods
(e.g., RNN and LSTM) may be more effective [7]. ARIMA and SARIMA are considered basic
and powerful tools for traffic flow forecasting. While these models provide ideal solutions for
short- and medium-term forecasts, more comprehensive and precise forecast results can be
obtained when used together with other artificial intelligence methods.

Conclusion

The application of artificial intelligence algorithms in traffic flow prediction represents a
significant advancement in intelligent transportation systems, offering enhanced accuracy,
efficiency, and real-time decision-making capabilities. Various types of Al algorithms have been
utilized to model and forecast traffic conditions, each bringing distinct strengths to the task.
Traditional machine learning models such as Support Vector Machines (SVM), Decision Trees,
and Random Forests have proven effective in analyzing structured traffic datasets and identifying
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patterns. These models are often praised for their interpretability and relatively low computational
demands.

However, the dynamic and nonlinear nature of traffic systems has increasingly driven researchers
toward more sophisticated approaches. Deep learning algorithms, particularly Recurrent Neural
Networks (RNNs) and their advanced form, Long Short-Term Memory (LSTM) networks, have
demonstrated superior performance in capturing temporal dependencies in sequential traffic data.
Convolutional Neural Networks (CNNs) have also been effectively employed to extract spatial
features from traffic sensor data or images. More recently, hybrid models combining CNNs and
LSTMs have emerged to address both spatial and temporal characteristics simultaneously,
improving predictive power.

Furthermore, Reinforcement Learning (RL) is gaining traction for its ability to adapt and learn
optimal traffic control strategies through continuous interaction with the environment. Integrating
Graph Neural Networks (GNNs) has also shown promise, especially in urban settings, by
modeling road networks as graphs and better understanding spatial correlations.Ultimately, the
choice of algorithm depends on the specific context, data availability, and computational
resources. As Al continues to evolve, the integration of real-time data streams, edge computing,
and multimodal datasets will further refine traffic prediction models. The synergy of various Al
techniques holds immense potential to revolutionize traffic management systems, reduce
congestion, enhance safety, and contribute to the development of smarter and more sustainable
urban transportation infrastructures.
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XULASO

Stini intellekt alqoritmlori naqliyyat axininin proqnozlagdirilmasinda miithiim rol oynayir,
nogliyyatin somaraliliyini artirmaga vo tixaclar1 azaltmaga komok edir. Reqressiya tohlili, gorar
agaclart vo dostok vektor masinlari kimi masin dyronmosi (ML) iisullar tarixi molumatlara vo
hava va giinlin vaxt1 kimi real vaxt amillorins asaslanaraq trafik axinini prognozlagdirir. Qivriml
neyron sabokolori (CNN) vo tokrarlanan neyron sabokolori (RNN) daxil olmaqla dorin 6yronmo
(DL) modellari xiisusilo mokan vo ardicil molumatlarin emalinda effektivdir vo onlar trafikin
prognozlasdirilmasi tapsiriqlart ti¢iin ideal edir. CNN-lor yol xaritolori kimi mokan molumatlar
idaro edir, RNN-lor, xiisuson do uzun qisamiiddotli yaddas (LSTM) sobokolori zamanla trafik
nliimunslorinin prognozlasdirilmasinda iistiindiir. Gliclondirici 6yronms (RL) hom do alqoritmlorin
otraf miihitlo qarsiligh olags vasitesilo optimal trafiko nozarot strategiyalarini Oyrondiyi
perspektivli bir yanasma kimi ortaya ¢ixir. Bu siini intellekt {isullar1 real vaxt rejiminds trafik
molumatlar ilo birloesdirildikds, trafikin daha agilli idaro edilmasing, tixacin azaldilmasina vo
imumi naqliyyat samersliliyinin artirilmasina imkan verir.

Acar sozlor: Masmn Oyronmosi, Dorin Oyronma, Neyron Sobokolor, Reqressiya Modellori,
Giiclondirici Oyranmo
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PE3IOME

AnroputmMbl UM wurpaioT pemaroniyo pojb B IMPOTHO3UPOBAHUU TPAHCIOPTHBIX IOTOKOB,
IOMOTasi TMOBBICUTh A(PPEKTUBHOCTh TPAHCHOPTUPOBKH M YMEHBUIMTH 3aTOPbl. MeToabl
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MamuHHOro o0yuenust (ML), Takue Kak perpecCHOHHBIN aHaIu3, 1ePEeBbs PELICHUH U ONOpHBIE
BEKTOPHBIE MAIlIMHbI, IPOrHO3UPYIOT TPAHCIOPTHBIN MOTOK HA OCHOBE UCTOPUYECKHUX JAHHBIX U
(bakTOpOB pealbHOrO BPEMEHM, TAKUX Kak I10rojia U BpeMs CyTok. Mozenu riy6okoro o0ydeHus
(DL), Bxntouas cBeprounble HelipoHHble ceT (CNN) u pexyppeHTHble HelipoHHble ceTh (RNN),
0c00eHHO 3((eKTUBHBI ITPU 00PabOTKE MPOCTPAHCTBEHHBIX U I1OCIEI0BATEIbHBIX JAHHBIX, YTO
JeNaeT UX UACAIbHBIMU JUISL 3ajJad [POTHO3UPOBAaHUS JOpokHOro aBmkeHus. CNN
00pabaThIBaOT MPOCTPAHCTBEHHBIE JJAHHbIE, TAKUE KaK JOPOXKHBIE KapThl, B TO Bpemst kak RNN,
0c00EHHO ceTH ¢ oJTroi KparkocpouHoi nmamsteio (LSTM), mpeycneBaioT B IpOTHO3MPOBAHUHT
CXEM JOPOKHOTO JBMXKEHMs C TedeHueM BpeMeHH. OOyuenue ¢ nonkpemneHueM (RL) taxke
CTaHOBHUTCS MHOTOOOCHIAIOIIUM MOJIX0A0M, MPH KOTOPOM QJITOPHUTMBI M3Y4arOT ONTHMAaJbHBIE
CTpaTEruy YIpPaBJICHUs JOPOXKHBIM JBIKECHHEM IOCPEACTBOM B3aUMOJIECHCTBUS C OKPY’KaIOIIEH
cpenoit. Otu meroasl M B couerannu ¢ JaHHBIMU O JOPOYKHOM JIBUJKEHUU B pEaIbHOM BPEMEHU
MO3BOJISAIOT OoJiee pasyMHO YIPABIATh AOPOXKHBIM JIBUKEHHEM, YMEHbINAsl 3aTOPbl M IMOBBIIIAS
00611y10 3¢ PEeKTUBHOCTD TPAHCTIOPTUPOBKH.

KiawueBble cioBa: MammnHoe o0ydenue, [nybokoe oOyuenue, Heiiponnsie cetu,
Perpeccuonnsie Mmoaenu, O0yueHue ¢ MOAKPEIICHUEM.
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