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Abstract. Predicting urban traffic volume presents significant challenges 

due to complex temporal dependencies and fluctuations driven by 

environmental and situational factors. This study addresses these challenges 

by evaluating the effectiveness of three deep learning architectures—

Recurrent Neural Network (RNN), Gated Recurrent Unit (GRU), and 

Convolutional Neural Network (CNN)—in forecasting hourly traffic 

volume on Interstate 94. Using a standardized dataset, each model was 

assessed on predictive accuracy, computational efficiency, and suitability 

for real-time applications, with Mean Absolute Percentage Error (MAPE), 

Root Mean Square Error (RMSE), R2 coefficient, and computation time as 

performance metrics. The GRU model demonstrated the highest accuracy, 

achieving a MAPE of 2.105%, RMSE of 0.198, and R2 of 0.469, but incurred 

the longest computation time of 7917 seconds. Conversely, CNN achieved 

the fastest computation time at 853 seconds, with moderate accuracy (MAPE 

of 2.492%, RMSE of 0.214, R2 of 0.384), indicating its suitability for real-

time deployment. The RNN model exhibited intermediate performance, with 

a MAPE of 2.654% and RMSE of 0.215, reflecting its limitations in 

capturing long-term dependencies. These findings highlight crucial trade-

offs between accuracy and efficiency, underscoring the need for model 

selection aligned with specific application requirements. Future work will 

explore hybrid architectures and optimization strategies to enhance further 

predictive accuracy and computational feasibility for urban traffic 

management.  
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1 Introduction 

As urban areas expand, effective traffic forecasting has become essential for managing 

transportation networks in real-time, improving traffic flow, reducing congestion, and 

enhancing urban safety [1,2]. Predicting traffic volumes is inherently challenging due to 

temporal dependencies, non-linearity, and data complexity. Traditional statistical models, 

while helpful, often fail to capture these complexities, especially in high-dimensional, time-

dependent datasets such as traffic volume records [3]. 

A primary challenge in traffic prediction is managing long-term dependencies in 

sequential data [4]. Although Recurrent Neural Networks (RNNs) are well-suited for 

handling sequences, they struggle with retaining long-term information due to the vanishing 

gradient problem. Gated architectures like Long Short-Term Memory (LSTM) [5]and Gated 

Recurrent Units (GRU) address this with mechanisms to preserve essential information over 

extended sequences [6]. However, they come with high computational costs, limiting their 

practicality for real-time applications [7]. 

Another significant issue is balancing prediction accuracy with computational efficiency, 

which is crucial for real-time forecasting [8]. Convolutional Neural Networks (CNNs) have 

shown promise in time series tasks due to their capacity for local pattern extraction [9]. 

However, CNNs are limited in capturing long-term dependencies compared to gated RNN 

models. While previous research has explored CNN, RNN, and GRU applications for time 

series tasks, comprehensive evaluations specifically for traffic volume prediction remain 

limited [10,11]. 

Recent advancements in traffic forecasting through deep learning have led to notable 

improvements. [12] applied RNNs to short-term traffic speed prediction, achieving moderate 

success in capturing immediate patterns but showing limited long-term dependency handling. 

[13] improved this by employing LSTMs, achieving enhanced accuracy in capturing 

extended dependencies, albeit with high computational demands. CNNs have also been 

applied to improve local feature extraction efficiency. [14] demonstrated CNN’s ability to 

capture spatially structured patterns in traffic data, though limitations in memory retention 

reduce their suitability for sequential applications. [15] compared CNNs and LSTMs, finding 

that LSTMs capture long-term dependencies more effectively. CNNs offer computational 

efficiency, advantageous for real-time applications with minor accuracy trade-offs. 

These advancements reflect two directions: gated architectures like LSTM and GRU for 

enhanced memory retention and CNNs for efficient pattern extraction. However, current 

research lacks a comparative analysis of these models regarding predictive accuracy and 

computation time in metro traffic volume prediction. This study addresses this gap by 

benchmarking RNN, GRU, and CNN models to explore trade-offs between accuracy and 

computational efficiency across these architectures. 

This article presents a comparative analysis of RNN, GRU, and CNN architectures for 

metro traffic volume prediction, providing a side-by-side evaluation to determine each 

model’s suitability for real-time forecasting. The primary contributions are as follows: 

• An in-depth comparison of RNN, GRU, and CNN models, highlighting performance in 

Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), and 

computation time. 

• This study addresses the often-overlooked aspect of processing efficiency crucial for 

real-time applications by analyzing computational time. 

• The findings offer valuable guidance for selecting a model based on trade-offs between 

accuracy and computational speed. These findings are valuable for urban planners, 

smart city developers, and traffic management systems. 

The article is organized as follows: Section 2 reviews related works and the evolution of 

deep learning in traffic forecasting. Section 3 outlines the methodology, including dataset 
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specifications and model configurations. Section 4 presents and discusses the experimental 

results, comparing model accuracy and computation time performance. Finally, Section 5 

concludes the study, summarizing findings and suggesting directions for future research to 

further enhance traffic prediction through hybrid or optimized deep learning models. 

2 Related Works 

Traffic volume prediction is crucial for urban planning and real-time traffic management [2]. 

It has evolved from traditional statistical methods like ARIMA and SVM to advanced deep 

learning models capable of handling complex temporal dependencies and high-dimensional 

data [16,17]. Despite their robustness with linear and stationary datasets [18], traditional 

approaches often struggle with the non-linear and dynamic nature of traffic data [19], 

prompting a shift towards more flexible deep learning techniques [20]. 

Recurrent Neural Networks (RNNs) have become foundational for sequential data 

processing [21], excelling in short-term dependency tasks [22]. However, RNNs suffer from 

the vanishing gradient problem, limiting their ability to capture long-term dependencies [23]. 

Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) were introduced to 

address this, incorporating gating mechanisms to retain relevant information over extended 

sequences [24]. While LSTMs are effective for long-term memory retention, they are 

computationally intensive [25]. GRUs offer a more efficient alternative, achieving similar 

accuracy with reduced training times, but remain more resource-demanding than traditional 

RNNs [26]. 

Convolutional Neural Networks (CNNs), known for efficiently extracting local features, 

have also been applied to time series forecasting [27–30]. CNNs excel in real-time scenarios 

due to their computational speed but cannot retain long-term dependencies as effectively as 

RNN-based models [10]. Comparative studies, such as [31], have highlighted that while 

LSTMs and GRUs are superior for long-term dependency tasks. CNNs offer faster 

performance, making them suitable for applications where speed is prioritized over perfect 

accuracy [32]. 

Despite these advancements, comprehensive benchmarking of RNN, GRU, and CNN 

models for traffic volume prediction remains limited [33]. This study fills this gap by 

systematically evaluating these models, providing insights into the trade-offs between 

accuracy and computational efficiency in urban traffic forecasting. 

3 Method 

This section describes the methodology used to evaluate the effectiveness of Recurrent 

Neural Network (RNN), Gated Recurrent Unit (GRU), and Convolutional Neural Network 

(CNN) models for metro traffic volume prediction. We outline the dataset, data preprocessing 

steps, model architectures, and evaluation metrics. Each model was trained and tested on the 

same dataset, allowing for a fair comparison of predictive accuracy and computational 

efficiency.  

3.1 Dataset 

The Metro Interstate Traffic Volume dataset [34], sourced from the UCI Machine Learning 

Repository, contains 48,204 hourly traffic records from 2012 to 2018, collected on 

westbound I-94 in Minneapolis-St. Paul, MN. This multivariate, sequential dataset includes 

eight features capturing temporal, weather, and holiday data, making it ideal for regression-

based traffic forecasting tasks. Key features include temperature, rain, snow, cloud cover, 
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holiday indicators, categorical weather descriptors, and timestamp data. Traffic volume 

serves as the target variable, while contextual features such as holiday (U.S. and regional 

events), temp (average temperature in Kelvin), rain_1h and snow_1h (precipitation in mm), 

clouds_all (cloud cover percentage), and weather_main/ weather_description (weather 

descriptors) provide essential environmental factors. With no missing values, this dataset is 

well-suited for modeling the impact of external conditions on traffic flow, providing a 

comprehensive basis for time-series analysis.  

3.2 Data Preprocessing 

Data preprocessing was done to optimize the dataset for time-series modeling and enhance 

model performance. The original dataset contains nine attributes: holiday, temp, rain_1h, 

snow_1h, clouds_all, weather_main, weather_description, date_time, and traffic_volume. To 

streamline the data and focus on relevant features, non-numeric and redundant columns 

(holiday, weather_main, weather_description, and date_time) were removed, resulting in a 

dataset with five key attributes: temp, rain_1h, snow_1h, clouds_all, and traffic_volume. This 

selection focuses on continuous features that provide meaningful quantitative data for the 

model, eliminating categorical and descriptive fields that may introduce unnecessary 

complexity. 

Following feature selection, Min-Max normalization was applied to scale each 

continuous feature to a range between 0 and 1 [35], which helps stabilize gradient descent 

and improve convergence during model training. For a given feature x, Min-Max 

normalization is defined as (1). 

 

𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
        (1) 

 

This normalization strategy allows comparability across features with varying scales, a 

crucial factor in deep learning models sensitive to input magnitudes [36]. Categorical 

variables, specifically holiday and weather descriptors, were converted using one-hot 

encoding. This transformation enables the model to interpret categorical information 

effectively without imposing an ordinal relationship on these features, which could otherwise 

introduce bias. 

The dataset was split into training, validation, and test sets in an 80-10-10 ratio to maintain 

temporal integrity in the sequential data. This division allows for robust model evaluation, 

where the validation set aids in hyperparameter tuning, and the test set provides an unbiased 

assessment of model generalization. By preserving the chronological order of the data, the 

preprocessing ensures that time-based dependencies, essential for accurate traffic volume 

prediction, are fully retained across the training and evaluation phases. This preprocessing 

pipeline effectively standardizes the dataset for modeling while enhancing interpretability 

and performance in deep learning architectures. 

3.3 Model Architectures 

This study employs three deep learning architectures—Recurrent Neural Networks (RNN), 

Gated Recurrent Units (GRU), and Convolutional Neural Networks (CNN)—to predict 

traffic volume on Interstate 94. Each architecture is selected for its unique strengths in time-

series analysis, enabling a comprehensive evaluation of their effectiveness in capturing 

temporal dependencies in traffic data. Figures illustrating the architectures of the RNN, GRU, 

and CNN models are provided for reference. 

BIO Web of Conferences 148, 02034 (2024)

ICoBEAF 2024
https://doi.org/10.1051/bioconf/202414802034

4



3.3.1 Recurrent Neural Network (RNN) 

The Recurrent Neural Network (RNN) model, shown in Figure 1, is structured to capture 

sequential dependencies by maintaining a hidden state across timesteps [37]. Each RNN layer 

processes an input sequence step-by-step, where each hidden state ht at timestep t is updated 

as a function of both the current input xt and the previous hidden state ht−1, as defined (2). 

 

Fig. 1. RNN Architecture – This figure illustrates the standard RNN structure, where each recurrent 

layer processes sequential data to update hidden states, followed by dense layers for final prediction.. 

ℎ𝑡 = tanℎ (𝑊ℎℎ𝑡−1 +𝑊𝑥𝑥𝑡 + 𝑏)        (2) 

 

where Wh and Wx are the weight matrices, and b is the bias term. The tanh activation 

function is employed to regulate the values of ht within a manageable range, mitigating 

gradient issues. This architecture comprises three recurrent layers with 50 units each, 

followed by two dense layers for final prediction. The primary limitation of RNNs is their 

struggle with retaining long-term dependencies due to the vanishing gradient problem, which 

is addressed in more advanced models like GRU and LSTM. 

3.3.2 Gated Recurrent Unit (GRU) 

The GRU model (Figure 2) enhances the basic RNN by introducing gating mechanisms—

specifically, the update and reset gates—that allow it to selectively update or reset parts of 

the hidden state, making it more effective at preserving long-term dependencies [6]. The 

GRU cell at each timestep t is defined by (3)-(5). 

 

Fig. 2. GRU Architecture – The GRU model incorporates update and reset gates in each layer, 

enabling efficient handling of long-term dependencies while maintaining training efficiency. 
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𝑧𝑡 = 𝜎(𝑊𝑧𝑥𝑡 + 𝑈𝑧ℎ𝑡−1)          (3) 

𝑟𝑡 = 𝜎(𝑊𝑟𝑥𝑡 + 𝑈𝑟ℎ𝑡−1)          (4) 

ℎ𝑡 = (1 − 𝑧𝑡)⨀ℎ𝑡−1 + 𝑧𝑡⨀tanℎ (𝑊ℎ𝑥𝑡 + 𝑟𝑡⨀(𝑈ℎℎ𝑡−1))    (5) 

 

where zt and rt represent the update and reset gates, respectively, σ is the sigmoid function, 

and ⊙ denotes element-wise multiplication. By leveraging these gates, GRU effectively 

mitigates the vanishing gradient issue and enhances the model's capability to capture both 

short-term and long-term dependencies in traffic data. The GRU architecture consists of three 

layers with 50 units each, followed by two dense layers. This configuration enables the model 

to capture intricate temporal patterns in traffic volumes while improving training efficiency 

compared to LSTMs. 

3.3.3 Convolutional Neural Network (CNN) 

In contrast to RNN and GRU, which are sequential models, the Convolutional Neural 

Network (CNN) (Figure 3) uses convolutional layers to extract localized patterns in time-

series data [38,39]. The CNN model begins with a one-dimensional convolutional layer with 

64 filters and a kernel size of 3, applying the Rectified Linear Unit (ReLU) activation 

function, which outputs zero for negative values to introduce non-linearity while maintaining 

computational efficiency. Three GRU layers follow the convolutional layer, enabling the 

model to benefit from local pattern extraction and sequential processing. A final set of two 

dense layers generates the predicted traffic volume. 

The CNN architecture’s reliance on convolutional filters enables it to process patterns 

within a short temporal window efficiently, making it computationally efficient for tasks 

requiring rapid predictions. However, CNNs cannot generally retain information over 

extended sequences, which may limit their performance in applications requiring long-term 

temporal understanding. In this architecture, combining CNN and GRU layers aims to 

balance the CNN’s local pattern extraction strengths with the GRU’s sequential processing 

capability. 

 

 

Fig. 3. CNN Architecture – The CNN model initiates with a convolutional layer for local pattern 

extraction, followed by GRU layers to capture temporal dependencies, culminating in dense layers for 

final predictions. 

Each model is trained with identical hyperparameters (e.g., 100 epochs, learning rate 

adjustments via the Adam optimizer) and evaluated using standardized metrics, ensuring a 

consistent basis for performance comparison. This multi-architecture approach allows us to 

systematically assess each model's trade-offs in accuracy and computational efficiency when 

applied to metro traffic volume prediction. 
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3.4 Training Process and Parameter Settings 

A standardized training process and parameter settings were applied to ensure a fair and 

consistent evaluation across the RNN, GRU, and CNN models. Each model was trained on 

the same dataset with identical hyperparameters to assess its relative effectiveness and 

computational efficiency objectively. The Adam optimizer was used for all models, chosen 

for its adaptive learning rate capabilities, which improve convergence speed and stability in 

complex neural networks. 

All models were trained for 100 epochs, allowing sufficient time for convergence while 

maintaining computational feasibility. The batch size was 64, balancing memory efficiency 

with gradient stability. The training and validation data were used to monitor model 

performance, with validation accuracy and loss recorded after each epoch to prevent 

overfitting and to adjust training strategies if necessary. Early stopping was considered but 

not applied to allow each model to reach full convergence within the designated epoch range. 

The Mean Squared Error (MSE) was selected as the loss function due to its suitability for 

regression tasks [40], penalizing more significant errors more heavily and enhancing 

prediction accuracy. MSE is defined as (6). 

 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − ŷ𝑖)

2𝑛
𝑖=1           (6) 

 

where yi is the actual traffic volume, ŷi is the predicted traffic volume, and n represents 

the number of samples. MSE directly measures the average squared difference between 

predictions and actual values, making it ideal for continuous output predictions such as traffic 

volume. 

The parameter settings for each model are listed in Table 1. While each model architecture 

differs in terms of layers and structure, core hyperparameters like the optimizer, batch size, 

and epoch count were kept consistent to compare performance and computational efficiency 

directly. 

In the RNN and GRU models, each recurrent layer consists of 50 units, with a Tanh 

activation function to control the range of values and mitigate gradient issues. The CNN 

model begins with a one-dimensional convolutional layer with a kernel size of 3 and 64 

filters, using the Rectified Linear Unit (ReLU) activation to enhance non-linearity without 

significant computational costs. The subsequent GRU layers in the CNN model contribute 

sequential processing capabilities, aiming to balance feature extraction with temporal 

dependence handling. 

Table 1. Parameter Settings for RNN, GRU, and CNN Models in Traffic Volume Prediction. 

Model 
Layer 

Type 

Units 

/Filters 

Activation 

Function 

Loss 

Function 
Optimizer Epochs 

Additional 

Layers 

RNN 
Simple 

RNN 
50 Tanh MSE Adam 100 

3 Simple 

RNN layers, 

2 Dense 

GRU GRU 50 Tanh MSE Adam 100 

3 GRU 

layers, 2 

Dense 

CNN 

Conv1D 

(kernel 

size=3) 

64 ReLU MSE Adam 100 

1 Conv1D, 

3 GRU 

layers, 2 

Dense 
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This uniform approach to parameter settings across all models supports a rigorous 

evaluation of their strengths in terms of both accuracy and efficiency, allowing for a 

comprehensive comparison of model suitability in real-time traffic prediction tasks. 

3.5 Training Process and Parameter Settings 

To evaluate the performance of the RNN, GRU, and CNN models in predicting traffic 

volume, we used three core metrics: Mean Absolute Percentage Error (MAPE), Root Mean 

Square Error (RMSE), and R2 (R-squared) [40]. Additionally, computation time was recorded 

to assess each model’s real-time applicability. 

3.5.1 Mean Absolute Percentage Error (MAPE) 

MAPE measures the model’s prediction accuracy by calculating the average absolute error 

as a percentage of actual values, providing a relative measure of error. MAPE is defined as 

(7). 

 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖−ŷ𝑖
𝑦𝑖

| 𝑥100𝑛
𝑖=1           (7) 

 

where yi represents the actual traffic volume, ŷi  is the predicted traffic volume, and n is 

the total number of observations. By expressing error as a percentage, MAPE provides an 

intuitive understanding of the model’s accuracy relative to the scale of the traffic data, 

making it particularly useful when comparing predictions across varying magnitudes of 

traffic volume. Lower MAPE values indicate higher predictive accuracy, with values under 

10% generally considered highly accurate in forecasting contexts. 

3.5.2 Root Mean Square Error (RMSE) 

RMSE measures the average magnitude of error by calculating the square root of the average 

squared differences between predicted and actual values. RMSE is defined as (8). 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − ŷ𝑖)

2𝑛
𝑖=1           (6) 

 

RMSE heavily penalizes more significant errors, making it sensitive to outliers and 

helpful in understanding the spread of prediction errors. A lower RMSE value indicates that 

the model’s predictions are closer to the actual values, making RMSE a valuable metric for 

assessing model accuracy on an absolute scale. RMSE’s emphasis on larger errors is 

significant in traffic forecasting, as significant deviations in predicted traffic volumes could 

lead to suboptimal traffic management decisions in real-world applications. 

3.5.3 R-squared (R2) 

The R2 metric, also known as the coefficient of determination, indicates how well the model’s 

predictions approximate the actual values by explaining the proportion of variance in the 

target variable that the model captures. The R2 value is computed as (9). 

𝑅2 = 1 −
∑ (𝑦𝑖−ŷ𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖−ŷ)2
𝑛
𝑖=1

           (9) 

where ŷ  is the mean of the actual traffic volume values, and an R2 value closer to 1 

indicates that the model has effectively captured the variance in the data. In contrast, values 
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closer to 0 indicate a poor fit. For traffic volume prediction, a high R2 value suggests that the 

model can accurately account for fluctuations in traffic, reflecting its potential utility in real-

time forecasting tasks where capturing data variability is critical. 

To evaluate the real-time applicability of each model, the computation time (in seconds) 

required for training and inference was recorded. Computation time is particularly relevant 

in traffic forecasting scenarios where timely predictions are essential [3]. Lower computation 

times imply that a model is more efficient and suitable for applications where rapid 

forecasting is critical, such as live traffic management systems. This metric complements the 

accuracy-focused metrics (MAPE, RMSE, and R2) by providing insight into the operational 

feasibility of each model, especially for large-scale, high-frequency traffic data. 

4 Results and Discussion 

This section provides an in-depth analysis of the performance of the RNN, GRU, and CNN 

models in forecasting traffic volume, focusing on their accuracy, generalization ability, and 

computational efficiency. We present quantitative results through Mean Absolute Percentage 

Error (MAPE), Root Mean Square Error (RMSE), R2, and computation time, as shown in 

Table 4. Additionally, we analyze each model’s learning process through training and 

validation loss curves (Figures 4) and evaluate the accuracy of their predictions in terms of 

actual versus predicted traffic volume (Figures 5). 

 

   
(a) (b) (c) 

Fig. 4. Training and Validation Loss of (a) RNN, (b) GRU, and (c) CNN Models. 

   
(a) (b) (c) 

Fig. 5. Actual vs. Predicted Traffic Volume of (a) RNN, (b) GRU, and (c) CNN Models. 

4.1 Performance Comparison 

Table 2 presents the primary evaluation metrics for each model, highlighting distinct trade-

offs between accuracy and computational demands. The GRU model achieved the best 

overall accuracy, with a MAPE of 2.105%, RMSE of 0.198, and the highest R2 of 0.469, 
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indicating its strong capacity to capture variations in traffic volume. However, GRU also 

required the longest computation time at 7917 seconds, underscoring its computational 

intensity. In contrast, the CNN model, which completed predictions in just 853 seconds, 

offered moderate accuracy (MAPE of 2.492%, RMSE of 0.214, R2 of 0.384). It is well-suited 

for real-time forecasting applications where speed is critical. The RNN model, with a MAPE 

of 2.654% and RMSE of 0.215, displayed intermediate accuracy but struggled with handling 

long-term dependencies, likely due to the absence of gating mechanisms in GRU. 

Table 2. Performance Metrics and Computation Time for RNN, GRU, and CNN Models. 

Model 
MAPE 

(%) 
RMSE R2 

Computatio

n Time (s) 

RNN 2.654 0.215 0.374 3226 

GRU 2.105 0.198 0.469 7917 

CNN 2.492 0.214 0.384 853 

 

The performance differences between models highlight the specific strengths of each 

architecture. GRU’s gating mechanism allows it to retain information over long sequences, 

improving accuracy in complex time-series tasks like traffic forecasting. While lacking 

memory capabilities, CNN leverages convolutional filters to effectively capture local 

patterns, resulting in fast computation times with moderate accuracy. The RNN, as a simpler 

recurrent model, cannot effectively manage long-term dependencies, impacting its 

performance relative to GRU. 

4.2 Performance Comparison 

The training and validation loss curves in Figure 4 provide insights into each model’s 

convergence behavior over 100 epochs. The GRU model (Figure 4. (b)) exhibits a steady 

reduction in training and validation loss, with a stable trend after approximately 40 epochs, 

indicating effective learning and generalization. The fluctuations in validation loss are minor, 

reflecting the model’s ability to avoid overfitting while capturing complex dependencies. 

This stable convergence aligns with GRU’s high accuracy metrics, suggesting that it 

effectively balances learning capacity with generalization. 

The CNN model (Figure 4. (c)) displays a sharp initial drop in training and validation 

loss, followed by gradual convergence. By around 30 epochs, both losses reach a stable 

plateau, with the validation loss remaining close to the training loss. This behavior reflects 

CNN’s capacity to capture short-term dependencies in the data efficiently, achieving 

moderate accuracy without significant overfitting. The CNN’s rapid convergence supports 

its role as a computationally efficient model suitable for real-time applications. 

In contrast, the RNN model (Figure 4. (a)) exhibits more variability in the validation loss 

and a relatively slower convergence rate. The gap between training and validation loss 

remains wider than in the GRU and CNN models, indicating that RNNs struggled with 

generalization. These patterns suggest that RNN faced challenges in retaining information 

over extended sequences, reducing its effectiveness in accurately predicting traffic volume. 

4.3 Forecasting Accuracy Analysis 

Figure 5 presents actual versus predicted traffic volumes for each model over time steps, 

visually assessing each model’s forecasting accuracy. The GRU model (Figure 5. (b)) closely 

follows the traffic volume trends, reflecting its strong capability to capture temporal 

dependencies and produce accurate forecasts. Minor deviations exist, but overall, the GRU 
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model provides a reliable approximation of the actual traffic patterns, consistent with its low 

MAPE and high R2 scores. 

The CNN model (Figure 5. (c)) also reasonably captures the general trend of actual traffic 

volume, though it occasionally exhibits deviations, especially during abrupt changes in traffic 

patterns. These deviations are expected, given CNN’s limitation in handling long-term 

dependencies. Despite this, the CNN model demonstrates adequate predictive accuracy for 

real-time applications where computational speed is prioritized. 

The RNN model (Figure 5. (a)) exhibits more pronounced deviations from the actual 

traffic values, particularly during rapid fluctuations. This inconsistency reflects the RNN 

model’s limitations in managing extended dependencies and complex patterns, resulting in 

less accurate predictions. As in GRU, the lack of gating mechanisms impairs RNN’s ability 

to retain information over long sequences, further justifying its relatively higher error metrics. 

4.4 Forecasting Accuracy Analysis 

The results highlight essential trade-offs between model accuracy, efficiency, and 

complexity: 

• GRU: The GRU model, with the highest accuracy, is best suited for applications 

demanding precise forecasting, such as historical traffic analysis and planning. However, 

the high computation time may limit its practicality for real-time traffic systems where 

predictions are needed within seconds. GRU’s strengths lie in its ability to capture long-

term dependencies, making it a powerful tool for complex forecasting tasks where quality 

takes precedence over speed. 

• CNN: The CNN model achieves a balance between speed and accuracy, making it well-

suited for real-time traffic management systems where latency is a critical concern. 

Although CNN does not capture long-term dependencies as effectively as GRU, its ability 

to extract local patterns quickly enables it to provide reliable predictions within short 

timeframes. This characteristic makes CNN advantageous in scenarios where real-time 

data is needed for immediate decision-making, such as dynamic traffic control. 

• RNN: The RNN model, while exhibiting moderate computational demands, struggles 

with accuracy due to its inability to manage long-term dependencies effectively. It may 

be useful in simpler forecasting tasks where intermediate accuracy is acceptable, but its 

limitations suggest it may not be optimal for high-stakes forecasting applications. 

These trade-offs illustrate that model selection should align with the specific requirements 

of the application. GRU’s superior accuracy benefits strategic analysis tasks, while CNN’s 

speed and efficiency make it ideal for real-time applications. RNN, though less accurate, may 

serve as a baseline model in contexts with constrained computational resources. 

4.5 Trade-offs and Practical Implications 

The results highlight essential trade-offs between model accuracy, efficiency, and 

complexity: 

• GRU: The GRU model, with the highest accuracy, is best suited for applications 

demanding precise forecasting, such as historical traffic analysis and planning. However, 

the high computation time may limit its practicality for real-time traffic systems where 

predictions are needed within seconds. GRU’s strengths lie in its ability to capture long-

term dependencies, making it a powerful tool for complex forecasting tasks where quality 

takes precedence over speed. 

• CNN: The CNN model balances speed and accuracy, making it well-suited for real-time 

traffic management systems where latency is critical. Although CNN does not capture 

long-term dependencies as effectively as GRU, its ability to extract local patterns quickly 
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enables it to provide reliable predictions within short timeframes. This characteristic 

makes CNN advantageous in scenarios where real-time data is needed for immediate 

decision-making, such as dynamic traffic control. 

• RNN: The RNN model exhibits moderate computational demands but struggles with 

accuracy due to its inability to manage long-term dependencies effectively. It may be 

useful in simpler forecasting tasks where intermediate accuracy is acceptable, but its 

limitations suggest it may not be optimal for high-stakes forecasting applications. 

These trade-offs illustrate that model selection should align with the application's specific 

requirements. GRU’s superior accuracy benefits strategic analysis tasks, while CNN’s speed 

and efficiency make it ideal for real-time applications. RNN, though less accurate, may serve 

as a baseline model in contexts with constrained computational resources. 

4.6 Limitation 

Several limitations should be considered when interpreting these results. The dataset is 

specific to westbound traffic on Interstate 94, which may limit the generalizability of the 

findings to other regions or types of traffic data. Additionally, while the models were trained 

using a fixed set of hyperparameters, further tuning could improve accuracy and efficiency, 

particularly for CNN and RNN. The study also focuses on hourly traffic volume predictions; 

applying these models to finer or coarser temporal resolutions might yield different results. 

Furthermore, while computation time was measured, other resource metrics like memory 

usage and energy consumption were not evaluated, which could influence model feasibility 

in specific deployment environments. 

5 Conclusion 

This study compared RNN, GRU, and CNN models for traffic volume prediction on 

Interstate 94, assessing their accuracy, ability to capture temporal dependencies, and 

computational efficiency. GRU achieved the highest accuracy with effective handling of 

long-term dependencies but required significant computation time, making it less ideal for 

real-time applications. In contrast, CNN demonstrated the fastest computation time, 

balancing moderate accuracy with high efficiency, suitable for real-time traffic monitoring. 

RNN, with its intermediate accuracy and computation time, struggled with complex temporal 

dependencies, suggesting limited applicability for high-stakes forecasting tasks. 

These findings offer valuable insights into the trade-offs between accuracy and efficiency, 

providing a practical basis for selecting predictive models based on specific application needs 

in traffic management. Future research can build on this foundation by exploring hybrid 

architectures, such as combining CNN and GRU layers, to balance accuracy with speed 

effectively. Additionally, hyperparameter tuning and testing on diverse datasets could further 

validate these models' applicability across various traffic scenarios, enhancing their potential 

for real-time urban forecasting solutions. 
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