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ABSTRACT 
This research paper delves into the pivotal role of deep learning in advancing traffic 
prediction techniques. With urban traffic management becoming increasingly intricate, 
accurate short-term traffic prediction remains a cornerstone for effective congestion 
mitigation and transportation planning. Leveraging the capabilities of deep learning 
methodologies, this study systematically explores various deep learning models and their 
applications in predicting traffic patterns. This investigation clarifies the advantages and 
disadvantages of deep learning approaches in traffic prediction by looking at current 
developments, techniques, and case examples. Moreover, it highlights avenues for further 
research and development to enhance the accuracy and applicability of deep learning-
based traffic prediction systems, ultimately contributing to the evolution of intelligent 
transportation systems and the optimization of urban mobility. Examine some of the 
most recent developments in deep learning for traffic flow prediction. Convolutional 
neural networks (CNN), recurrent neural networks (RNNs), long short-term neural 
networks (LONG-SNNNs), Stacked Auto Encoder (SAE), Restricted Boltzmann Machines 
(RBM), and Term Memory (LSTM). These deep learning models gradually extract higher-
level information from raw input by using numerous layers. Due to the complexity of 
transportation networks, the most recent deep learning models created to address this 
challenge are examined. The reader is also informed on how numerous aspects affect 
these models and which models perform best in specific circumstances.  
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1. INTRODUCTION 
Predicting traf�ic movement is a crucial component of the Intelligent Transportation System (ITS). This facilitates safer 
and more intelligent use of transportation networks by traf�ic participants. Road users, policymakers, managers of traf�ic, 
and individual passengers are all considered traf�ic participants. Figure 1 displays multiple participants in the traf�ic. 
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Figure 1: Traffic Stake Holders 

The quality of the traffic data determines how effective these systems are, and only then can an ITS be successful. 
According to the World Health Organization's (WHO) 2018 report on global road safety, 1.35 million road traffic deaths 
were reported in 2016. As a result, research on traffic forecasting can be a helpful tool for reducing traffic and promoting 
safer, more economical travel [14]. 2017; (World Health Organization; Makaba et al., 2020). Figure 2 shows how traffic 
forecasting might be beneficial. 

 
Figure 2: The Advantages of Predicting Traffic Flow 

Traf�ic prediction stands as a critical component of modern transportation systems, facilitating ef�icient traf�ic 
management, route planning, and congestion alleviation in urban areas worldwide. The ability to accurately forecast 
traf�ic conditions in real-time is indispensable for mitigating the adverse effects of congestion, including delays, fuel 
consumption, and environmental pollution. Traditional traf�ic prediction techniques often rely on statistical models or 
heuristic algorithms, which may struggle to capture the intricate spatiotemporal patterns inherent in urban traf�ic 
dynamics. In contrast, deep learning, a subset of arti�icial intelligence, has emerged as a potent tool for data-driven 
prediction tasks because it can automatically learn complex features from raw data [15]. By leveraging deep neural 
networks with multiple layers of abstraction, deep learning techniques have shown remarkable success in various 
domains, including computer vision, natural language processing, and speech recognition. This paper explores the role 
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of deep learning methodologies in revolutionizing traf�ic prediction techniques, aiming to elucidate their potential 
bene�its, challenges, and implications for the future of intelligent transportation systems [17]. 
Deep learning techniques offer several advantages over traditional methods in the realm of traf�ic prediction. Unlike 
conventional models that rely on handcrafted features or prede�ined rules, deep learning models can autonomously 
extract hierarchical representations of data, enabling them to capture intricate patterns and dependencies present in 
traf�ic data. Moreover, deep learning architectures such as convolutional neural networks (CNNs), recurrent neural 
networks (RNNs), and their variants, have demonstrated superior performance in capturing spatial and temporal 
dependencies, making them well-suited for modeling the complex dynamics of urban traf�ic [16]. By leveraging large-
scale datasets comprising historical traf�ic �low, weather conditions, road topology, and other relevant factors, deep 
learning models can effectively learn from diverse sources of information, enhancing prediction accuracy and robustness. 
However, despite their potential, the adoption of deep learning techniques in traf�ic prediction is not without challenges. 
One notable challenge is the requirement of large amounts of labeled data for training deep neural networks, which may 
be scarce or expensive to acquire in the context of traf�ic prediction. Additionally, the interpretability of deep learning 
models remains a concern, as complex neural architectures may obscure the underlying decision-making process, 
hindering the understanding of model predictions by stakeholders and policymakers. Moreover, the deployment of deep 
learning models in real-time traf�ic prediction systems necessitates considerations of computational ef�iciency, 
scalability, and reliability, particularly in resource-constrained environments such as embedded systems or edge devices. 
Addressing these challenges requires interdisciplinary research efforts spanning machine learning, transportation 
engineering, and urban planning, aiming to develop scalable, interpretable, and ef�icient deep-learning solutions tailored 
to the unique requirements of traf�ic prediction in urban environments [18] [19]. 
In light of these considerations, this paper seeks to provide a comprehensive overview of the role of deep learning in 
exploring traf�ic prediction techniques. Through a systematic review of existing literature, methodologies, and case 
studies, we aim to analyze the state-of-the-art in deep learning-based traf�ic prediction, identify key challenges and 
opportunities, and outline future research directions. By shedding light on the transformative potential of deep learning 
in traf�ic prediction, researchers hope to inspire further interdisciplinary collaborations and innovations aimed at 
advancing the state-of-the-art in intelligent transportation systems and urban mobility [20]. 
Obstacles Predicting traffic is extremely difficult and is mostly impacted by the following intricate factors: 
(1) Due to its spatiotemporal nature, traffic data exhibits complex and dynamic spatiotemporal relationships and is 
continuously changing concerning time and location.  
(2) Outside variables. Event, weather, and road characteristics are some examples of external elements that might affect 
traffic spatiotemporal sequence data. 
 

2. RELATED WORK 
The authors Awan, Kwon, Abdulmajid, Riaz, and Shahlari Zvi present a new deep stacking-based ensemble approach for 
short-term traf�ic speed prediction. This novel approach makes use of deep learning techniques and ensemble learning 
to improve the accuracy of traf�ic speed predictions [1]. The research �ills a gap in the literature by proposing a 
sophisticated ensemble framework that combines the strengths of multiple deep-learning models to provide a more 
robust and reliable prediction solution. 
An integrated traf�ic �low and signal management bus arrival time prediction model was created by Hu Zhang, Shidong 
Liang, Yin Han, Minghui Ma, and Rongmeng Leng. To increase accuracy, they combine real-time traf�ic data with machine 
learning [2]. Their results show improved prediction accuracy over conventional approaches. By taking dynamic 
elements into account, the article closes a gap in current models and improves the ef�iciency of bus transit. 
Khalil, Safelnasr, Yemane, Kedir, Sha�iqurrahman, and Saeed investigate cutting-edge learning technologies for Intelligent 
Transportation Systems (ITS) in their work. They explore ideas related to traf�ic management and vehicle routing, such 
as machine learning, deep learning, and reinforcement learning. Their research shows how these technologies might be 
used to enhance transportation networks, but it also raises issues with data privacy and model interpretability [3]. The 
study discusses the necessity for more investigation to close the knowledge gap between theoretical developments and 
real-world ITS applications. 
Ahmed Mahmud, Mohammed Assiri, Nabil Sharaf Almalki, Hanan Abdullah Mengash, and Abdulrahman Alruban present 
the Arti�icial Hummingbird Optimization Algorithm in conjunction with Hierarchical Deep Learning for Traf�ic 
Management in Intelligent Transportation Systems (ITS) in their article [4]. They investigate the potential synergies 
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between deep learning and bioinspired optimization methods for traf�ic optimization. Their �indings highlight how both 
strategies may be combined to enhance traf�ic �low and minimize congestion. This study �ills a research and application 
gap in ITS by presenting a unique hybrid algorithm that successfully handles dif�icult traf�ic management problems. 
Kai-Fung Chu, Albert Y. S. Lam, Zhiran Huang, Becky P. Y. Loo, and Ka Hotsoi offer the Deep Encoder Cross Network for 
Estimated Time of Arrival (ETA) in their article. To improve ETA accuracy, they provide a unique architecture that 
combines cross-networking and deep learning methods [5]. Their results show notable advances in ETA prediction, 
especially in intricate urban settings. By providing a more �lexible and resilient method, the study �ills a gap in the current 
ETA models and opens the door to more dependable real-time traf�ic management systems 
Weiwei Xing, Peng Bao, Xiang Wei, Jian Zhang, and Wei Lu provide STGAT, Spatial-Temporal Graph Attention Networks 
for Traf�ic Flow Forecasting in their study. Xiangyuan Kong is one of the authors. To improve forecasting accuracy, they 
developed a model that makes use of graph attention processes to capture spatial-temporal correlations in traf�ic data 
[6]. Their results show that their approach performs better than conventional ones, especially when managing changing 
traf�ic patterns. By skillfully combining both geographical and temporal information, the research �ills a gap in the current 
traf�ic �low forecasting models and presents a viable option for real-time traf�ic management systems. 
The opportunities and dif�iculties of metaverse applications in data-driven intelligent transportation systems are 
examined by Njoku, Nwakanma, Amaizu, and Kim in their article. They talk about the advantages and disadvantages of 
using virtual worlds in transportation analytics. Although their �indings point to the potential for immersive technology 
to improve data analysis and decision-making in transportation systems, they also highlight knowledge gaps on the full 
implications and practical dif�iculties of integrating the metaverse. 
Yuan, Da Rocha Neto, Rothenberg, Obraczka, Barakat, and Turletti investigate the use of machine learning in the 
development of next-generation intelligent transportation systems in their survey [7]. They go over many machine 
learning approaches and how they may be used to increase the effectiveness and security of transportation. Their results 
demonstrate how machine learning may be used to estimate traf�ic, identify anomalies, and optimize routes. The survey 
does, however, also highlight a lack of standardized datasets and assessment measures that might aid in cross-study 
repeatability and comparability. 
Veres and Moussa examine new developments in deep learning for intelligent transportation systems (ITS) in their 
survey. They go over important ideas like recurrent neural networks (RNNs) and convolutional neural networks (CNNs) 
about different ITS tasks. Results show that deep learning is useful for autonomous vehicle control, anomaly detection, 
and traf�ic prediction [8] [12]. The study also points to a need for more research on the robustness and interpretability 
of deep learning models in practical transportation applications. 
Ravi and Mamdikar review the technologies of intelligent transportation systems (ITS). They go over important ideas 
including sensor integration, traf�ic management algorithms, and vehicle-to-vehicle communication. The results 
emphasize how ITS may improve road safety, lessen traf�ic, and increase the effectiveness of transportation. To guarantee 
smooth integration and operation, the assessment also notes a gap in the need for more de�ined protocols and 
compatibility across various ITS components. The rationale for the current study stems from the evolving landscape of 
intelligent transportation systems (ITS) and the growing prominence of deep learning techniques in addressing traf�ic 
prediction challenges [9]. While Ravi and Mamdikar's review provides valuable insights into the technologies comprising 
ITS, including sensor integration, traf�ic management algorithms, and vehicle-to-vehicle communication, the current 
study aims to delve deeper into the speci�ic application of deep learning within this context. 
Given the advancements in deep learning methodologies and the proliferation of rich datasets from sources like Kaggal's 
paper and various repositories, there exists a signi�icant opportunity to leverage these resources for enhancing traf�ic 
prediction techniques. By focusing on deep learning, particularly recurrent neural networks (RNNs) and convolutional 
neural networks (CNNs), the current study seeks to explore novel approaches for forecasting traf�ic dynamics with 
greater accuracy and reliability[10] [13]. While ITS holds immense potential for improving road safety, reducing 
congestion, and optimizing transportation effectiveness, there remains a crucial gap highlighted by Ravi and Mamdikar 
regarding the need for more de�ined protocols and compatibility across various ITS components. This underscores the 
importance of the current study in not only advancing the state-of-the-art in traf�ic prediction through deep learning but 
also addressing the interoperability challenges to ensure seamless integration and operation of ITS components [11]. 
By conducting this study, the aim is to contribute to the ongoing efforts in leveraging emerging technologies to enhance 
transportation systems' ef�iciency and effectiveness, ultimately leading to safer roads, reduced congestion, and improved 
overall mobility. Thus, the current study serves as a critical step towards bridging the gap between the theoretical 
underpinnings of ITS technologies and their practical implementation through advanced deep learning techniques. 
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3. METHODOLOGY 
3.1 DATA COLLECTION METHODS 

In investigating the role of deep learning in traf�ic prediction techniques, a comprehensive methodology is essential to 
ensure the validity and reliability of the research �indings. Firstly, data collection is paramount. This involves gathering 
diverse datasets encompassing various traf�ic parameters such as traf�ic �low, speed, and congestion levels. These 
datasets are sourced from traf�ic sensors, GPS devices, or publicly available traf�ic databases. Additionally, historical 
traf�ic data is essential for training deep learning models effectively.  
Utilizing data from Kaggal's paper and various repositories, the research delves into a rich dataset encompassing a 
spectrum of traf�ic parameters crucial for exploring the role of deep learning in traf�ic prediction techniques. The dataset 
comprises a diverse range of sources, including traf�ic sensors, GPS devices, and publicly available traf�ic databases. 
Kaggal's paper likely provides a structured dataset, potentially featuring historical traf�ic patterns, congestion levels, and 
vehicular �low across different time intervals and geographical regions. Such comprehensive data offer a robust 
foundation for developing and evaluating deep learning models, enabling researchers to gain insights into traf�ic 
dynamics and patterns [21]. 
Furthermore, the integration of data from multiple repositories augments the richness and variability of the dataset, 
enhancing its representativeness and applicability across different urban environments and traf�ic scenarios. These 
repositories might provide real-time traf�ic updates, historical traf�ic records, and specialized datasets focusing on 
speci�ic aspects such as road accidents or weather conditions' impact on traf�ic. By amalgamating data from diverse 
sources, the research ensures a holistic understanding of traf�ic dynamics, enabling the exploration of sophisticated deep-
learning techniques for accurate and robust traf�ic prediction models[23]. 
Following data collection, preprocessing steps are crucial to clean and prepare the data for analysis. This includes data 
normalization, missing value imputation, and feature engineering to extract relevant features for modeling [22]. Once the 
data is preprocessed, the next step involves selecting appropriate deep-learning architectures for traf�ic prediction. This 
may include recurrent neural networks (RNNs), convolutional neural networks (CNNs), or their variants such as long 
short-term memory (LSTM) networks, which are well-suited for sequential data like traf�ic patterns [24].  
 

3.2 RECURRENT NEURAL NETWORKS (RNNS) 
In leveraging the dataset provided by Kaggal's paper and supplementary repositories, recurrent neural networks (RNNs) 
emerge as a prominent deep learning technique for exploring traf�ic prediction methodologies. RNNs are adept at 
capturing temporal dependencies within sequential data, making them well-suited for modeling the dynamic nature of 
traf�ic patterns over time. One of the fundamental formulas underlying RNNs is the recurrent connection equation, which 
governs how information �lows through the network across successive time steps. Mathematically, this can be expressed 
as: 
 ht= f(Whh ht + Wxh xt + bh ) 
Where ht represents the hidden state at time step t,xt denotes the input at time step t, Whh, and Wxh are the weight matrices 
governing the recurrent and input connections respectively, bh is the bias vector, and f is the activation function.  
The algorithmic framework of training RNNs typically involves backpropagation through time (BPTT), which extends the 
standard backpropagation algorithm to handle sequences of arbitrary length. BPTT computes gradients by unrolling the 
network over time, treating each time step as a separate layer. The gradients are then propagated backward through the 
unrolled network to update the network parameters using gradient descent or its variants. This iterative process allows 
RNNs to learn from sequential data and adapt their internal representations to capture temporal patterns effectively. 
 
In the context of traf�ic prediction, the application of RNNs involves preprocessing the dataset into sequences of traf�ic 
observations over time, which serve as input sequences to the network. The RNN model is then trained to predict future 
traf�ic conditions based on these input sequences. Variants such as long short-term memory (LSTM) networks and gated 
recurrent units (GRUs) are often employed to address issues like vanishing gradients and better capture long-range 
dependencies within the traf�ic data. 
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3.3 CONVOLUTIONAL NEURAL NETWORKS (CNNS) 

Convolutional neural networks (CNNs) stand out as a potent deep learning approach, leveraging the dataset provided by 
Kaggal's paper and diverse repositories. While traditionally associated with image processing tasks, CNNs have 
demonstrated remarkable effectiveness in handling sequential data such as traf�ic patterns. The fundamental operation 
in CNNs is convolution, which involves applying �ilters to local regions of the input data to extract features. 
Mathematically, the convolution operation can be expressed as: 
Y(i,j) = (X * W)(i,j) = ∑m∑n X(m,n)W(i-m,j-n) 
 
Here, X represents the input data, W denotes the �ilter (kernel), and Y is the output feature map. Convolutional layers are 
typically followed by activation functions and pooling operations, which further enhance feature extraction and 
dimensionality reduction, respectively. 
The algorithmic framework of training CNNs involves forward and backward passes through the network. During the 
forward pass, input data is passed through successive layers, with convolutional layers extracting hierarchical 
representations of the input. Subsequently, the output is compared with the ground truth labels to compute the loss 
function. The backward pass, facilitated by backpropagation, computes gradients of the loss function to the network 
parameters. These gradients are then used to update the parameters via optimization algorithms like stochastic gradient 
descent (SGD) or its variants. 
CNNs can be employed to extract spatial and temporal features from traf�ic data. For instance, input data representing 
traf�ic �low across different road segments can be fed into CNNs, which learn to detect patterns indicative of congestion, 
traf�ic jams, or other traf�ic conditions. Additionally, CNNs can be integrated with other deep learning architectures, such 
as recurrent neural networks (RNNs), to effectively capture spatial and temporal dependencies in traf�ic data. Model 
training and evaluation use suitable performance metrics such as mean absolute error (MAE) or root mean square error 
(RMSE). Hyperparameter tuning may also be performed to optimize model performance. Finally, the developed deep 
learning models are tested on unseen data to assess their generalization capability and effectiveness in traf�ic prediction. 
Through this comprehensive methodology, the research aims to provide insights into the effectiveness of deep learning 
techniques in addressing traf�ic prediction challenges. 
In the realm of traf�ic prediction, deep learning techniques such as convolutional neural networks (CNNs) and recurrent 
neural networks (RNNs) offer distinct advantages over traditional machine learning methods like extreme gradient 
boosting (XGB), random forests (RF), and extra trees (ET). CNNs excel at capturing spatial dependencies in traf�ic data, 
making them particularly effective for scenarios where traf�ic patterns exhibit signi�icant spatial variability. By applying 
convolutional layers, CNNs can learn localized features and patterns from traf�ic sensor data or traf�ic images, which 
helps in identifying congestion hotspots and predicting traf�ic �low across different regions. On the other hand, RNNs, 
particularly their variants like long short-term memory (LSTM) networks, are designed to handle sequential data, making 
them ideal for capturing temporal dependencies in traf�ic patterns. RNNs can learn from historical traf�ic data to forecast 
future traf�ic conditions by maintaining a memory of past observations, thus providing accurate predictions over time. 
In contrast, traditional machine learning techniques like XGB, RF, and ET rely on ensemble learning to enhance prediction 
accuracy. These methods are adept at handling structured data and can effectively manage non-linear relationships and 
interactions between features. XGB, for instance, uses gradient boosting to build a series of decision trees, where each 
tree corrects the errors of its predecessor, resulting in high predictive performance. RF and ET use multiple decision trees 
to provide robust predictions by averaging the results, which helps in reducing over�itting and improving generalization. 
However, these techniques often require extensive feature engineering and may not capture complex spatial-temporal 
dependencies as effectively as deep learning models. While machine learning methods can offer strong baseline 
performance with less computational overhead, deep learning models, with their ability to automatically learn intricate 
patterns from raw data, present a more powerful solution for advanced traf�ic prediction tasks. 
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Figure 3: Flow Chart of Traffic Prediction 

Extra Tree (ET), Random Forest (RF), and Extreme Gradient Boosting (XGB) are the models that are utilized for base 
learners. These models have performed admirably in several practical uses. Practitioners can take advantage of the 
complementary strengths of XGBoost, Random Forest, and Extra Trees when combining them as base learners. This 
allows models to be created that are resilient against over�itting, capture complex patterns, and handle a variety of data 
types. Ensemble models frequently outperform individual models [26]. 
 
Extreme Gradient Boosting (XGB): XGBoost is a very effective method for creating a supervised regression model. The 
impact of this assertion can be deduced by understanding its intended purpose. A regularization term and a loss function 
are components of the XGBoost objective function. It displays the discrepancy between actual and expected values or the 
degree to which model predictions deviate from real data. The most often used loss function for XGBoost in regression 
issues is reg: linear. 
 
Random Forest (RF): In Random Forest, the variance of decision trees is signi�icant, but it decreases as they are joined 
into parallel forms. Every choice Each in the random forest is trained using its unique sample data, and all decision trees—
rather than just one—in�luence the result. In classi�ication dif�iculties, a majority voting classi�ier is used to determine 
the outcome. On the other hand, while dealing with regression problems, the mean of the total outputs is calculated 
before the �inal output results are determined. RF's fundamental learning paradigm makes extensive use of decision trees. 
ExtraTree (ET): Several trees are employed in the extra tree model, much like in an RF method. Random sampling is used 
to choose the trees, and each tree is chosen without a substitute. For each tree, a data set containing a distinct sample is 
produced. From the whole feature set, a certain amount of features are also chosen at random for every tree. The random 
selection of a splitting value for a feature is the most signi�icant and distinctive characteristic of additional trees. Instead 
of dividing the data into split values using entropy or Gini, the algorithm chooses the split values at random. The 
additional tree algorithm  
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4. RESULTS 
Eighty percent of the is varied and uncorrelated because of this feature. Data are utilized for training, while the remaining 
twenty percent are used for testing, making up the training and testing set ratio. Regression analysis is done in this study 
using time series data. Analysis, hence training and test division employ the hold-on approach. 
 

 

 

 

 

 

 

 

 

 

 
Figure 4: Explained Variance of Data Prediction 

Outlined in variance Explained Variance (EV), the fourth assessment metric is used to assess the performance of basic 
learner models at 15, 30, 45, and 60 minutes into the prediction horizon. The Random Forest (RF) model with a larger 
value Explained Variance (EV) outperformed other basic models, as shown in Figure 4. learning models for the two sets 
of data. When the evaluation results of the individual base learners and the suggested approach are compared, the 
ensemble base learning with MLP performs better than the individual model.  
 

5. FUTURE WORK 
This paper wants to incorporate outside elements into the traf�ic speed forecast algorithm in the future, such as events 
and weather. These outside variables have a big function in affecting the speed and congestion of traf�ic. This 
research used a Multi-Layer Perceptron (MLP) as a meta-learner in a stacking-based ensemble approach in this study. To 
improve traf�ic speed prediction, this study wants to investigate more sophisticated techniques in the future, such as 
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Bidirectional LSTM, and Bidirectional GRU, as possible 
meta-learners.  
 
Building on the �indings of the current study, future research on the role of deep learning in traf�ic prediction techniques 
can explore several promising avenues. Firstly, integrating more advanced deep learning architectures, such as 
Transformer models and graph neural networks (GNNs), could potentially enhance the ability to capture complex spatial-
temporal dependencies in traf�ic data. Transformers, with their self-attention mechanisms, can process long-range 
dependencies more effectively than traditional RNNs, while GNNs can model the relational data inherent in 
transportation networks more naturally. 
 
Furthermore, addressing the challenges of scalability and deployment of deep learning models in real-world ITS 
environments is crucial. Future work should investigate the optimization of model architectures for low-latency 
predictions and their integration into existing traf�ic management systems. This includes ensuring models are robust, 
interpretable, and capable of operating under resource constraints typically found in edge computing environments. 
Finally, establishing standardized protocols and ensuring interoperability across various ITS components remain critical. 
Future research should aim to develop frameworks that facilitate the seamless integration of deep learning models with 
different ITS technologies, ensuring consistent performance and compatibility. Collaborative efforts between 
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researchers, policymakers, and industry stakeholders will be essential in addressing these challenges and promoting the 
widespread adoption of advanced traf�ic prediction techniques. 
 
By pursuing these future directions, the research community can continue to advance the state-of-the-art in traf�ic 
prediction, ultimately contributing to more ef�icient, safe, and intelligent transportation systems. 
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