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 A B S T R A C T 

 

Urban traffic flow forecasting is essential for intelligent transportation management, 

particularly in data-constrained urban environments. This study presents a reproducible 

benchmark framework for hourly traffic flow prediction using the Metro Interstate Traffic 

Volume dataset, comprising 48,204 observations collected between 2012 and 2018 with 

weather and holiday attributes. To ensure methodological rigor, classical statistical 

approaches (Seasonal Naïve, AutoReg, and ARIMA/SARIMA) are compared with machine 

learning models, namely Random Forest and Long Short-Term Memory. A time-series-

aware validation strategy with chronological data partitioning is employed to prevent 

information leakage. Temporal, lagged, and rolling statistical features are generated 

exclusively from historical observations. Model performance is evaluated using Mean 

Absolute Error, Root Mean Square Error, Mean Absolute Percentage Error, and the 

coefficient of determination (R²). The study provides a transparent and reproducible 

comparison of forecasting approaches and discusses their applicability to developing urban 

transportation systems. 

1. Introduction 

Rapid urbanization, population growth, and 

increasing vehicle ownership have intensified traffic 

congestion problems in metropolitan areas 

worldwide. Efficient traffic flow prediction plays a 

crucial role in intelligent transportation systems 

(ITS), enabling traffic authorities to improve road 

utilization, optimize signal control strategies, reduce 

travel delays, and support sustainable urban 

mobility. Accurate forecasting of traffic conditions is 

particularly important in developing regions, where 

transportation infrastructure often struggles to 

accommodate rapidly growing traffic demand. 

Traditional traffic forecasting approaches have 

primarily relied on statistical time-series models 

such as Autoregressive Integrated Moving Average 

(ARIMA), Seasonal ARIMA (SARIMA), and 

Kalman filtering techniques. While these methods 

provide satisfactory performance for linear and 
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stationary processes, they often fail to capture the 

nonlinear and dynamic characteristics of real-world 

traffic systems. Traffic flow is influenced by multiple 

factors, including temporal patterns, weather 

conditions, holidays, and unexpected events, 

making accurate forecasting a challenging task.

 

 

Fig. 1. Analysis of the primary characteristics of traffic data 

These observations indicate that traffic forecasting 

requires models capable of capturing both temporal 

dependencies and nonlinear relationships among 

multiple explanatory variables. 

Recent advances in machine learning and deep 

learning have significantly improved forecasting 

performance in transportation applications. 

Ensemble learning methods such as Random Forest 

(RF) can effectively model nonlinear interactions and 

complex feature relationships, while Long Short-

Term Memory (LSTM) networks are specifically 

designed to learn long-range temporal dependencies 

from sequential data. Despite their widespread 

adoption, many existing studies focus exclusively on 

machine learning approaches without providing 

comprehensive comparisons against classical 

forecasting methods under reproducible and 

leakage-aware evaluation protocols. 

To address this gap, this study presents a 

comparative benchmark analysis of classical 

statistical models and machine learning techniques 

for hourly traffic flow forecasting. Using the Metro 

Interstate Traffic Volume dataset, we evaluate 

Seasonal Naïve, AutoReg, ARIMA/SARIMA, 

Random Forest, and LSTM models under a time-

series-aware validation framework. Particular 

attention is given to reproducibility, information 

leakage prevention, feature engineering procedures, 

and transparent model configuration reporting. 

The main contributions of this study are 

summarized as follows: 

1. A comprehensive comparison of classical 

time-series and machine learning models 

for hourly traffic flow forecasting. 

2. Implementation of a leakage-aware 

temporal validation framework based on 

chronological data partitioning. 
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3. Analysis of temporal, weather-related, and 

lag-based factors affecting traffic volume 

prediction. 

4. Discussion of the applicability of the 

proposed forecasting workflow to 

transportation systems in developing 

urban environments. 

The remainder of the paper is organized as 

follows. Section 2 reviews related studies on traffic 

forecasting. Section 3 describes the dataset, 

preprocessing procedures, feature engineering 

techniques, and forecasting models. Section 4 

presents experimental results and model 

comparisons. Finally, Section 5 concludes the study 

and outlines directions for future research. 

2. Literature review 

Traffic flow forecasting has been an active 

research area within intelligent transportation 

systems due to its importance for congestion 

management, route planning, and urban mobility 

optimization. Existing forecasting approaches can 

generally be classified into three categories: 

statistical time-series models, machine learning 

methods, and deep learning techniques. 

2.1. Classical time-series models 

Early traffic forecasting studies primarily relied 

on statistical methods such as Autoregressive (AR), 

Autoregressive Moving Average (ARMA), 

Autoregressive Integrated Moving Average 

(ARIMA), and Kalman Filter models. These 

approaches utilize historical observations to 

identify temporal dependencies and generate 

future predictions. 

Williams and Hoel (2003) demonstrated that 

ARIMA-based models can provide reliable short-

term traffic forecasts under relatively stable traffic 

conditions. Similarly, Vlahogianni et al. (2014) 

reported that statistical forecasting methods remain 

effective for linear and stationary traffic series due to 

their interpretability and low computational 

requirements. However, traffic systems are 

inherently nonlinear and are influenced by external 

factors such as weather conditions, accidents, road 

construction, and special events. Consequently, the 

predictive performance of classical models often 

deteriorates when traffic patterns become highly 

dynamic or irregular. 

Although ARIMA and its seasonal extensions 

remain widely used benchmark approaches, their 

ability to model complex nonlinear relationships is 

limited. Therefore, recent research increasingly 

combines statistical forecasting techniques with 

data-driven machine learning methods to improve 

predictive accuracy. 

2.2. Machine learning approaches 

The availability of large-scale transportation 

datasets has accelerated the adoption of machine 

learning techniques for traffic prediction. Unlike 

traditional statistical models, machine learning 

algorithms do not require strict assumptions 

regarding stationarity or linearity and can learn 

complex patterns directly from data. 

Support Vector Regression (SVR), k-Nearest 

Neighbors (KNN), Decision Trees, Gradient 

Boosting, and Random Forest (RF) are among the 

most commonly applied methods. Random Forest, 

introduced as an ensemble learning technique 

based on multiple decision trees, has attracted 

significant attention due to its robustness, 

resistance to overfitting, and ability to capture 

nonlinear feature interactions. 

Sayed et al. (2023) highlighted that Random 

Forest frequently outperforms conventional 

statistical methods when sufficient historical and 

contextual information is available. Furthermore, 

ensemble methods can effectively integrate 

temporal, weather-related, and calendar-based 

variables, making them suitable for traffic 

forecasting applications. 

Nevertheless, traditional machine learning 

algorithms generally require manually engineered 

features and may struggle to capture long-term 

temporal dependencies embedded within 

sequential traffic data. 

2.3. Deep learning-based traffic forecasting 

Recent advances in deep learning have 

transformed traffic prediction research. Deep 

neural networks automatically extract hierarchical 

representations from raw data and can effectively 

model complex nonlinear dynamics. 

Among deep learning architectures, Recurrent 

Neural Networks (RNNs) and LSTM networks 

have become particularly popular for traffic 

forecasting tasks. LSTM networks were originally 

proposed by Hochreiter and Schmidhuber (1997) to 

overcome the vanishing gradient problem 

commonly encountered in conventional RNNs. 

Their memory-cell structure enables the network to 

learn long-range temporal dependencies, making 

LSTM especially suitable for sequential traffic data. 
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Several studies have demonstrated the 

effectiveness of LSTM-based models for traffic 

prediction. Ma et al. (2015) successfully applied 

LSTM networks to urban traffic speed forecasting 

and reported significant improvements over 

traditional approaches. Similarly, Lv et al. (2015) 

showed that deep learning models can effectively 

capture complex traffic dynamics when large-scale 

transportation datasets are available. 

More recently, attention mechanisms, graph 

neural networks (GNNs), and spatio-temporal 

deep learning architectures have further improved 

forecasting performance by modeling spatial 

dependencies among road segments. Zhang et al. 

(2017) demonstrated that incorporating spatial 

information significantly enhances predictive 

capability in large transportation networks. 

2.4. Research gap and motivation 

Despite substantial progress in traffic 

forecasting research, several challenges remain. 

First, many studies focus exclusively on either 

classical statistical methods or advanced deep 

learning techniques, making direct comparisons 

difficult. Second, a considerable number of 

published studies lack detailed descriptions of 

validation procedures, increasing the risk of 

information leakage and reducing reproducibility. 

Third, although sophisticated deep learning 

models often achieve superior predictive accuracy, 

their computational complexity may limit practical 

deployment in developing regions with 

constrained technological resources. 

Furthermore, the Metro Interstate Traffic 

Volume dataset has been extensively used for 

evaluating forecasting models; however, relatively 

few studies provide a comprehensive and 

reproducible comparison between classical 

autoregressive approaches and modern machine 

learning techniques under a leakage-aware 

temporal evaluation framework. 

Therefore, this study aims to address this gap by 

conducting a systematic comparison of Seasonal 

Naïve, AutoReg, ARIMA/SARIMA, Random Forest, 

and LSTM models using a unified experimental 

protocol. By emphasizing reproducibility, temporal 

validation, and transparent model reporting, the 

study seeks to provide reliable benchmark evidence 

and practical insights for traffic forecasting 

applications in developing urban environments. 

3. Methods and variables 

3.1. Data and features 

This study utilizes the Metro Interstate Traffic 

Volume dataset obtained from the UCI Machine 

Learning Repository. The dataset contains 48,204 

hourly observations collected between October 

2012 and September 2018 from the Minnesota 

Department of Transportation's Automatic Traffic 

Recorder (ATR) Station 301 located on Interstate 94 

between Minneapolis and Saint Paul, USA. 

The target variable is traffic_volume, 

representing the hourly number of vehicles passing 

through the observation point. In addition to traffic 

volume, the dataset contains meteorological and 

calendar-related variables, including temperature, 

rainfall, snowfall, cloud coverage, weather 

conditions, holiday indicators, and timestamps.  

Although the dataset originates from a specific 

transportation corridor in the United States, it 

provides a well-established benchmark for 

evaluating traffic forecasting methodologies. The 

developed forecasting framework can be adapted 

to other urban transportation systems after 

appropriate local calibration and retraining. 

3.2. Data preprocessing and feature 

engineering 

To ensure data quality and model reliability, 

several preprocessing operations were performed 

before model training. First, timestamp 

information was converted into structured 

temporal variables including: 

 Hour of day 

 Day of week 

 Month 

 Weekend indicator 

 Holiday indicator 

Since traffic exhibits strong cyclic behavior, 

temporal variables were transformed using sine 

and cosine encoding: 

𝐻𝑜𝑢𝑟𝑠𝑖𝑛 = sin (
2𝜋 × 𝐻𝑜𝑢𝑟

24
)                   (1) 

 

𝐻𝑜𝑢𝑟𝑐𝑜𝑠 = cos (
2𝜋 × 𝐻𝑜𝑢𝑟

24
)                (2) 

 

These transformations allow machine learning 

models to capture periodic traffic patterns more 

effectively. 

To represent historical traffic behavior, lag-

based features were generated: 

𝐿𝑎𝑔𝑘 = 𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑉𝑜𝑙𝑢𝑚𝑒𝑡−𝑘 

where 𝑘represents previous time intervals. 
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The following lag features were used: 

1 hour  

2 hours  

3 hours  

6 hours  

12 hours  

48 hours  

168 hours (1 week)  

Additionally, rolling statistical features were 

computed: 

𝑅𝑜𝑙𝑙𝑖𝑛𝑔𝑀𝑒𝑎𝑛𝑛 =
1

𝑛
∑ 𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑉𝑜𝑙𝑢𝑚

𝑛

𝑖=1

𝑒𝑡−𝑖     (3) 

𝑅𝑜𝑙𝑙𝑖𝑛𝑔𝑆𝑡𝑑𝑛 = √
1

𝑛
∑ (𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝑉𝑜𝑙𝑢𝑚

𝑛

𝑖=1
𝑒𝑡−𝑖 − 𝑥̄)2   (4) 

 

Rolling windows of: 

 3 hours  

 6 hours  

 24 hours  

were incorporated into the feature set. 

To prevent information leakage, all lag and 

rolling statistics were calculated exclusively from 

historical observations. 

3.3. Temporal validation strategy 

A chronological data splitting strategy was 

adopted to preserve temporal dependencies and 

avoid look-ahead bias. 

The dataset was divided as follows: 

 Training set: 80%  

 Validation set: 10%  

 Test set: 10%  

Unlike traditional random cross-validation, a 

TimeSeriesSplit approach was employed. 

Fig. 2 illustrates the relative importance of 

features. 

 

 
 

 

Fig.2. Relative importance of features used in the Random Forest model

This approach ensures that future observations 

are never used during model training or feature 

construction. 

3.4. Forecasting models 

Five forecasting approaches were evaluated. 

The Seasonal Naïve model predicts future 

traffic volume using the corresponding 

observation from the previous day: 

𝑦̂𝑡 = 𝑦𝑡−24                           (5) 

This model serves as a strong benchmark for 

hourly traffic forecasting. 

The autoregressive model predicts future 

traffic volume based on previous observations: 

𝑦𝑡 = 𝑐 + ∑ 𝜙𝑖

𝑝

𝑖=1

𝑦𝑡−𝑖 + 𝜀𝑡              (6) 

where: 

 𝑐= intercept  

 𝜙𝑖= autoregressive coefficients  

 𝑝= lag order  
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 𝜀𝑡= random error  

The ARIMA model is defined as: 

 

𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)                (7) 

where: 

𝑝= autoregressive order  

𝑑= differencing order  

𝑞= moving average order  

The general ARIMA equation is: 

𝜙(𝐵)(1 − 𝐵)𝑑𝑦𝑡 = 𝜃(𝐵)𝜀𝑡            (8) 
 

For seasonal traffic patterns, the SARIMA 

extension was also considered: 
𝑆𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑠           (9) 

 

where 𝑠 = 24 represents daily seasonality. 

Model orders were selected according to the 

minimum Akaike Information Criterion (AIC). 

Random Forest constructs multiple decision 

trees and aggregates their predictions: 

𝑦̂ =
1

𝑁
∑ 𝑇𝑖

𝑁

𝑖=1

(𝑥)                  (10) 

 

where: 

 𝑁= number of trees  

 𝑇𝑖(𝑥)= prediction of tree 𝑖 

Hyperparameter optimization was performed 

using Grid Search. 

Table 1. Random Forest Hyperparameter Search 

Space 

Parameter Values 

n_estimators 100, 200, 300 

max_depth 10, 20, 30 

min_samples_split 2, 5, 10 

min_samples_leaf 1, 2, 4 

max_features sqrt, log2 

 

The hyperparameter search space explored 

during Grid Search is presented in Table 1. 

3.5. Long Short-Term Memory (LSTM) 

LSTM networks model sequential 

dependencies through memory cells and gating 

mechanisms. 

The forget gate is defined as: 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)           (11) 

 

The input gate: 
𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)             (12) 

 

The output gate: 
𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)             (13) 

The cell state update: 

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡            (14) 

The final hidden state: 

ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝐶𝑡)               (15) 

Table 2. LSTM Hyperparameter Configuration 

Parameter Value 

Look-back Window 24 hours 

Hidden Units 64 

LSTM Layers 2 

Dropout 0.2 

Optimizer Adam 

Learning Rate 0.001 

Batch Size 64 

Epochs 100 

Early Stopping Patience 10 

 

The final hyperparameter configuration 

adopted for the LSTM model is summarized in 

Table 2. 

Model performance was evaluated using four 

widely used forecasting metrics. 
Mean Absolute Error (MAE) 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖 ∣               (16) 

 

Root Mean Square Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2             (17) 

 

Mean Absolute Percentage Error (MAPE) 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑ ∣

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖

∣

𝑛

𝑖=1

              (18) 

 

Coefficient of Determination (𝑹𝟐) 

𝑅2 = 1 −
∑(𝑦𝑖 − 𝑦̂𝑖)

2

∑(𝑦𝑖 − 𝑦̄)2
                 (19) 

 

Lower MAE, RMSE, and MAPE values indicate 

better forecasting performance, whereas higher 

𝑅2values represent stronger explanatory power 

and predictive accuracy. 

4. Results and discussion 

4.1. Feature importance 

Understanding the factors influencing traffic 

volume is essential for developing reliable 

forecasting models. The Random Forest model 

provides an estimate of feature importance based 

on the contribution of each variable to prediction 

accuracy. 
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Fig. 3. Scatter plot of actual vs. predicted traffic volumes and the distribution of residuals 

The results indicate that historical traffic 

information is the most influential predictor of future 

traffic volume. Among all variables, the 1-hour lag 

feature (Lag1h) contributes the largest proportion of 

predictive power. This finding confirms the strong 

temporal dependency present in traffic flow data. 

Temporal variables derived from cyclic encoding of 

the hour of the day (Hour_sin and Hour_cos) also 

demonstrate high importance, reflecting recurring 

daily traffic patterns associated with commuting 

behavior. 

Rolling statistical indicators, particularly rolling 

standard deviation and rolling mean values, 

further improve predictive performance by 

capturing short-term traffic fluctuations.  

Weather-related variables and holiday 

indicators contribute less substantially but still 

provide useful contextual information. Overall, the 

results suggest that traffic forecasting is primarily 

driven by temporal dynamics and recent historical 

observations. As shown in Figure 3, the Random 

Forest predictions closely follow the observed 

traffic volumes, while the residual distribution 

remains approximately centered around zero. 

4.2. Prediction performance analysis 

To evaluate prediction quality, actual traffic 

volumes were compared with model forecasts 

generated on the test dataset. 
 

 

Fig. 4. Comparison of performance metrics across different models 

The scatter plot demonstrates a strong linear 

relationship between observed and predicted values. 

Most data points are concentrated around the ideal 

prediction line, indicating high predictive accuracy. 

The residual distribution is approximately symmetric 

around zero, suggesting that the model does not 

exhibit systematic overestimation or 

underestimation. The Random Forest model 

achieved an R² value of 0.986, indicating that 

approximately 98.6% of the variance in traffic volume 

can be explained by the model. This result 

demonstrates the ability of ensemble learning 

techniques to capture complex nonlinear 

relationships within traffic data. Figure 4 compares 

the predictive performance of the evaluated 

forecasting models using MAE, RMSE, MAPE, and 

R² metrics. 
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4.3. Comparative evaluation of forecasting 

models 

To provide a comprehensive assessment, five 

forecasting approaches were evaluated under the 

same temporal validation protocol: 

 Seasonal Naïve 

 AutoReg 

 ARIMA/SARIMA 

 Random Forest 

 LSTM 

The forecasting performance of all models was 

measured using MAE, RMSE, MAPE, and R² metrics. 

The Seasonal Naïve model serves as a baseline 

and produces the weakest performance due to its 

inability to capture changing traffic dynamics. 

AutoReg improves forecasting accuracy by 

utilizing autoregressive dependencies, while 

ARIMA/SARIMA further enhances performance 

through statistical modeling of trend and 

seasonality components. 

Machine learning approaches significantly 

outperform classical forecasting methods. The 

LSTM network effectively captures long-term 

temporal dependencies and achieves substantial 

reductions in prediction error. Table 3 summarizes 

the comparative forecasting performance of the 

five evaluated models using MAE, RMSE, MAPE, 

and R² metrics. 

Table 3. Comparative Performance of Forecasting 

Models 

Dataset MAE RMSE MAPE (%) R² 

Seasonal Naïve 585.3 812.4 26.8 0.804 

AutoReg 352.6 489.7 14.9 0.912 

ARIMA/SARIMA 298.4 418.5 11.7 0.938 

LSTM 178.5 290.1 6.8 0.977 

Random Forest 146.4 232.5 6.0 0.986 

 

However, the Random Forest model 

demonstrates the best overall performance across 

all evaluation metrics. 

Compared with ARIMA/SARIMA, Random 

Forest reduces MAE by approximately 51% and 

RMSE by approximately 44%. These findings 

indicate that nonlinear machine learning methods 

can better represent complex traffic patterns than 

conventional statistical approaches.  

4.4. Discussion 

The experimental results reveal several important 

observations. First, temporal information plays a 

dominant role in traffic forecasting. Lag variables and 

time-based features consistently appear among the 

most important predictors, highlighting the repetitive 

nature of urban traffic patterns. 

Second, although classical autoregressive 

methods provide a useful baseline, their 

performance is constrained by assumptions 

regarding linearity and stationarity. Traffic 

systems are affected by numerous external factors 

and nonlinear interactions that cannot be fully 

represented through traditional statistical models. 

Third, machine learning models demonstrate 

superior predictive capability. The Random Forest 

model achieves the highest accuracy because it 

effectively captures nonlinear relationships while 

remaining relatively robust against noise and 

overfitting. Furthermore, Random Forest requires 

considerably lower computational resources than 

deep learning architectures, making it attractive for 

practical deployment in data-constrained 

environments. 

The LSTM model also performs strongly, 

confirming its effectiveness for sequential 

forecasting tasks. Nevertheless, the marginal 

improvement obtained by Random Forest suggests 

that carefully engineered temporal and statistical 

features can sometimes provide comparable or 

superior results without the computational 

complexity associated with deep neural networks. 

Finally, the findings indicate that the proposed 

forecasting framework may be transferable to 

developing urban regions after local recalibration. 

Although the Metro Interstate Traffic Volume 

dataset originates from the United States, the 

methodology is sufficiently general to be adapted 

to other transportation systems where high-quality 

traffic data are available. 

The results therefore support the conclusion 

that combining temporal feature engineering with 

machine learning techniques offers a reliable and 

practical solution for short-term traffic flow 

prediction. 

5. Conclusion and future work 

This study presented a comparative evaluation 

of classical statistical models and machine learning 

approaches for hourly traffic flow forecasting 

using the Metro Interstate Traffic Volume dataset. 

To ensure methodological rigor and 

reproducibility, a leakage-aware forecasting 

framework was developed based on chronological 

data partitioning, time-series-aware validation, 

and transparent feature engineering procedures. 

The experimental results demonstrated that 
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historical traffic observations and temporal variables 

are the most influential factors affecting forecasting 

performance. Among the evaluated models, Random 

Forest achieved the highest predictive accuracy, 

obtaining the lowest MAE, RMSE, and MAPE values 

as well as the highest coefficient of determination. 

The LSTM model also produced strong results, 

outperforming classical autoregressive approaches, 

while ARIMA/SARIMA and AutoReg provided 

competitive baseline performance and valuable 

interpretability. 

The findings confirm that machine learning 

techniques are more effective than conventional 

statistical methods in capturing the nonlinear and 

dynamic characteristics of traffic systems. 

Nevertheless, classical models remain important 

benchmarking tools due to their simplicity, 

transparency, and relatively low computational 

requirements. 

A key contribution of this study is the 

establishment of a reproducible benchmark 

framework that enables fair comparison between 

statistical and machine learning forecasting 

approaches. Rather than introducing a novel 

prediction algorithm, the research emphasizes 

methodological transparency, information leakage 

prevention, and comprehensive model evaluation 

under a unified experimental protocol. 

Despite the promising results, several limitations 

should be acknowledged. The study relies on a single 

public benchmark dataset collected from a 

transportation corridor in the United States. 

Consequently, the reported results cannot be directly 

generalized to other cities or transportation networks 

without local validation. In addition, spatial 

relationships among multiple road segments were 

not considered because the dataset contains 

observations from a single monitoring location. 

Future research may extend this work in several 

directions. First, real-time traffic data from 

developing urban environments, including 

Azerbaijan, can be incorporated to evaluate the 

transferability of the proposed framework. Second, 

advanced deep learning architectures such as 

Transformer-based models, Temporal Fusion 

Transformers (TFT), and Graph Neural Networks 

(GNNs) may be explored to capture more complex 

temporal and spatial dependencies. Third, hybrid 

forecasting approaches that combine statistical 

models with machine learning techniques could 

further improve prediction accuracy and robustness. 

Overall, the results demonstrate that data-

driven forecasting models, particularly Random 

Forest and LSTM, provide effective solutions for 

short-term traffic flow prediction. The proposed 

methodology offers a practical foundation for the 

development of intelligent transportation systems 

and traffic management applications in both 

developed and developing urban environments. 
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