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Abstract- Modern transportation systems are severely hampered by urban traffic congestion, which causes delays
and fuel consumption. Proactive control techniques and intelligent traffic management depend on accurate congestion
prediction. In order to predict congestion across urban edge networks, current study presents a deep learning-based
framework that combines an attention mechanism with a bidirectional Long Short-Term Memory (LSTM) network
with custom learnable attention layer, flowed by focal loss for addressing the data imbalance. A numerous dataset
was generated by using SUMO, therefore over 2 million sequence was generated, including 12 spatiotemporal
features that were extracted from the dataset. A large scale map was used and the prediction was based on edge
level. The model can efficiently learn temporal dependencies and spatial patterns thanks to our preprocessing
pipeline, which consists of temporal windowing, edge ID encoding, and cyclical time transformations. Trained with
a 30-step sliding window, the model achieved low error metrics (MAE: 0.0744, RMSE: 0.2728), an F1-score of
0.90, and a classification accuracy of 92.56%. Our architecture performs better at detecting congestion events than
recent state-of-the-art models. Thus the potential for scalable implementation in urban traffic forecasting systems
of deep spatiotemporal learning models trained on realistic but synthetic simulation data.

keywords: Traffic congestion prediction, Bi-LSTM, Machen Learning, Attention Mechanism.

I. INTRODUCTION

Traffic congestion is a major problem in cities, resulting in longer travel times, higher fuel use, and pollution of the

environment. Intelligent Transportation Systems (ITS) are now crucial to improving urban mobility and efficiency because

cities are growing rapidly and the number of cars is increasing. By facilitating improved traffic management techniques

like adaptive signal control, route planning, and emergency response, accurate traffic congestion prediction supports the

objectives of smart cities and sustainable transportation systems [1]. Recent advancements in machine learning, particularly

deep learning, have dramatically improved the accuracy of traffic forecasting. For example, Recurrent Neural Networks

(RNNs), LSTMs, and their variants have been shown to capture well the temporal dependencies of sequential traffic data

[2]. Furthermore, attention mechanisms have been incorporated into LSTM networks to improve predictive performance for

nonstationary time series-by dates to egress such as traffic flow-by allowing the models concentrate on the most relevant

time steps [3]. Optimization-driven AI techniques have grate effect of increase the prediction accuracy based on recent

studies, Pelican Optimization Algorithm (POA) and Particle Swarm Optimization (PSO) are grate examples duo to their

efficiency in calibrating the models, feature selection, and hyper parameter tuning. POA can achieve reliable and quick

exploration of complex search space by mimicking the hunting behavior of pelican [4]. While the PSO can efficiently

optimize the model parameters by employing the swarm-based cooperative learning [5]. However, most of the studies in
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the literature are based on actual traffic data, which is expensive to collect, sensitive to privacy issues, and has limited

coverage both in scale and location. As a result of these limitations, researchers have turned to simulation tools like SUMO

and beyond for creating synthetic traffic datasets. SUMO is a free and open-source microscopic traffic simulator that can

accurately replicate complex urban topologies along with intricate traffic behaviors. The efficacy of SUMO in studying

vehicular networks has been demonstrated through large-scale simulated scenarios known as the Monaco SUMO Traffic

(MoST) and Luxembourg SUMO Traffic (LuST) [6]. Only a few studies have been conducted regarding traffic congestion

categorization, which is a process to define traffic conditions, for example, congested or non-congested. It has very direct

implications for control strategies in the road network. Most of the previous works utilize deep learning models to predict

traffic flow data, including speed and vehicle numbers. In addition, in these classification problems where instances of

congestion are rare compared to normal flow, class imbalances form a significant problem. Standard cross-entropy loss

functions fail most often due to this imbalance. The focus loss was introduced as a solution to this problem and was

first proposed for object detection tasks focusing on hard-to-classify minority samples. Thus, it poses as an interesting

solution for detecting traffic congestion [7][8]. In this paper the novel approach proposed for traffic congestion prediction

in this research using an LSTM-Attention network trained on a large, SUMO-generated urban traffic dataset. The following

contributions in current study were:

1) OpenStreetMap allows us to build a realistic urban road network. SUMO then enables us to generate an exhaustive

traffic dataset in simulation, which reflects the spatial and temporal dynamics of traffic occupancy over several days.

2) For this, a neural network architecture is designed, operating on sequences, named Att-BiLSTM, so that bidirectional

LSTMswith attention can be better utilized for temporal feature representation and interpretation.For this, a neural

network architecture is designed, operating on sequences, named Att-BiLSTM, so that bidirectional LSTMswith

attention can be better utilized for temporal feature representation and interpretation.

3) Focal loss is also introduced to address the class imbalance, which helps to increase the accuracy of congestion event

detection.

4) A detailed analysis performed using standard evaluation metrics (accuracy, precision, recall, F1-score), confusion

matrices, and ROC/PR curves, among others, reveals our model’s superior performance as compared to well-known

classical base models.

II. SIMILAR WORKS

Predicting congestion can be obtaining in a several ways, recently researchers shift their focus on the Attention mechanism

with neural networks, in [9] proposed Attention Temporal Graph Convolutional Network (A3T-GCN) for traffic forecasting

the algorithm combine the Attention mechanism with graph convolutional network to efficiently model the spatial and

temporal dependencies in traffic prediction, resulting improvement in accuracy.

In [10] proposed a graph multi attention network which include an encoder and decoder comprise of multiple spatiotemporal

attention blocks, makes it able to capture the complex relationships between traffic conditions over time and space, they

used the encoder to extract and encode the features from historical traffic data, and the decoder uses these features to
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predict the congestion in the future. In [11] proposed a transformation-based architecture that takes the propagation delays

of the traffic system into consideration, it relies on graph masking matrices and spatial self-attention modules to collect

long-range spatial data as well as dynamic spatial dependencies, makes it able to improve accuracy over six existing real

word datasets.

In [12] proposed hierarchical attention LSTM model, that combines hierarchical architecture with long short term memory

networks, that uses a dual pooling mechanism to processes hidden and cell states on several layers, makes it more efficient

to capture temporal patterns in traffic data. In [13] proposed a combination of multi scale convolutional neural networks

and a transformer based attention mechanisms to gather long and short temporal features in traffic data. The aim of that

study was focusing on reducing the MAE and RMSE parameters and it was quite efficient.

In [14] proposed BiGRU Attention LSTM model it is an algorithm followed by a bidirectional gate recurrent unit to

enhance the models ability to understand the time series in both directional forward and backward when processing the

data, making the model able to capture more complex pattern of the traffic data, the study also proposes a sliding window

strategy that helps in capturing long term dependencies.

In order to improve urban traffic prediction, recent state-of-the-art models have addressed spatiotemporal complexity,

dynamic patterns, and congestion forecasting accuracy. Table I show a clear comparative in strength and weaknesses. These

models include A3T-GCN, GMAN, PDFormer, Hierarchical-Attention-LSTM, RMSCNN-Trans, and BiGRU-Attention

LSTM. Although these models employ different methods, such as transformer mechanisms (PDFormer, RMSCNN-Trans),

recurrent attention structures (Hierarchical-Attention-LSTM, BiGRU-Attention LSTM), or graph convolutions (A3T-GCN,

GMAN), they all aim to enhance predictive performance on intricate urban traffic datasets. The proposed BiLSTM-Attention

TABLE I
Comparative performance and strength of proposed model vs existing models

Model Year Key strength Weaknesses our model
A3T-GCN [9] Use graph convolution, good

spatial awareness
Lower accuracy 89%, higher
RMSE 0.32

Has 3.56% Higher accu-
racy

GMAN [10] Multi-attention, strong spatial-
temporal modeling

Very high RMSE ∼5.38 with
unstable performance

far more stable

PDFormer [11] Strong feature extraction, trans-
former based

MAE close to zero, overfit sus-
picious, lower F1-score 0.88

Higher F1-score and
provides mor realistic
MAE

Hierarchical-attention-LSTM [12] Good temporal attention, bal-
anced accuracy

Accuracy limited to 90%,
RMSE 0.29

2.56% more accurate
and 6% lower RMSE

RMSCNN-Trans [13] Hybrid CNN-transformer,
strong spatial extraction

Higher MAE 0.07 Better F1-score and
overall accuracy

BiGRU-Attention LSTM [14] High R2 96%, GRU efficiency F1-score not reported, Very
high RMSE 4.478

Our model far surpasses
error metrics

approach maintains computational efficiency and architectural simplicity while achieving comparable or better predictive

performance (accuracy: ∼92%, F1-score: 0.90, MAE: 0.0744, RMSE: 0.2728) than these models. Our model is especially

useful for large-scale simulated datasets produced by SUMO because it focuses on bidirectional temporal patterns and

congestion dynamics. Our approach provides a simplified solution that is simpler to scale and implement in real-time ITS
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systems, in contrast to some of these models that call for external graph structures, road maps, or large transformer layers.

III. METHODOLOGY

In this paper, an approach was developed to predict a traffic congestion in a large city based on a large dataset [15] [16],

for this purpose the SUMO simulation was used [5], the data collected from the simulation were used to train the model,

A BiLSTM Attention architecture for predicting bidirectional temporal patterns were developed that achieved superior

performance for edge network congestion prediction. The whole current training was done using 12th generation Intel(R)

core (TM) i7-12700F 2.10GHz with RTX 3080, The system was built using python 3.

A. Data collection

The dataset was created by using SUMO simulation. The map of Luxembourg was used [6], it contains (2247) nodes and

(5779) edges, the total edge length is (904.81km) and the total lane length is (1532.23km) Due to these large parameters

the dataset contains 10 features: edge id, time, traffic flow, avg speed, waiting time, queue length, density, travel time,

occupancy, collision count with over 2 million samples. These samples were splatted into 2 classes: non-congested 63.6%

(class 0), congested 36.4% (class 1).

Figure 1: SUMO simulation / map of Luxembourg [6].

B. Data Preprocessing

The preprocessing pipeline was designed to transform raw edge network telemetry into a structured format suitable

for temporal deep learning while preserving critical spatiotemporal patterns, by converting the timestamps into a human

readable date time (hour, weekday) Unix timestamps were converted into cyclical features (hour, weekday) in order to
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document weekly and daily congestion trends. In order to preserve memory efficiency and avoid high-dimensional one-hot

representations, edge id was label-encoded to numeric IDs. By setting the normalized queue-length threshold at 0.5, a binary

congestion label (is- congested) was produced to describe operational congestion scenarios. Min-Max normalization was

used to scale all features, excluding the target, to [0, 1] in order to stabilize gradient descent. Tabular data was converted

into input-output pairs using a sliding window of 30 timestamps in order to meet the LSTM’s temporal dependency

requirements. The dataset was split into training (77%) and test (23%) sets, while preserving the class distribution in order

to lessen the bias brought on by the imbalance [17][18].

C. Development of Prediction Model

The proposed model in this paper integrates Bidirectonal LSTMs, Attention Mechanism flowed by Focal Loss to overcome

the difficulties which were faced in congestion prediction at the edge networks. The idea behind using the BiLSTM is to

capture temporal patterns from both future and past contexts within the input sequence [19][20], the BiLSTM uses two

parallel LSTMs processes: forward LSTM and backward LSTM in our case there is two stacked LSTM layers, each LSTM

contain 128 hidden units per layer the final output of this stage (forward and backward) generating a tensor of shape

(batch size of 256, sequence length of 30 timesteps, 256 features) [21]. And it could be expressed in Eqs. (1),(2)and, (3)

in [22][23]. So that, for each timestamp t:
−→
h t = LSTM(xt,

−→
h t − 1) (1)

←−
h t = LSTM(xt,

←−
h t + 1) (2)

ht = [
−→
h t ||

←−
h t] (3)

Where,
−→
h t represents the (past → future) forward,

←−
h t represents (future ← past) backward,and || is the vector concate-

nation.

An Attention mechanism was added to dynamically weights each timesteps using linear transformation to address the

importance of different timestamps of the input sequence [24], due to the learnability of the weights of the timestamps it

focusses on the important timestamps because the LSTM treats all equally in [25] as obvious in Eq. (4) below:

et = v⊤ tan(Wht + b) (4)

Where, W is the learnable weight matrix, v is the learnable context vector, b represents the bias term, and ht represents

hidden state (concatenation of the forward/backward LSTM output).

Furthermore, the softmax function was used to change the Attention score by making it a probabilistic distribution over

timestamps [26], the mathematical representation of the softmax adapted from [27], and it can be calculated by Eq. (5) as

follows:

αt =
exp(et)∑T

k−1 exp(ek)
,

T∑
t−1

αt = 1 (5)
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Where, αt is the normalized attention weight for timestamp t, and T is the total timestamps numbers in the sequence

c =

T∑
t−1

αtht (6)

Where, c is the weighted sum of hidden states.

For the final step and to reduce the dimensionality of the context vector, a fully Connected Layers Non-linear Mapping was

used in order to extract a hierarchical pattern that maybe missed by the attention mechanism [28], by activating the ReLU

allowing the model to learn complex non-leaner relationships between the features, and to solve the overfitting problem in

the training part, a 40% of the neurons were randomly deactivate by regulating the dropout, therefore, and due to applying

Eq. (7) the features number is reduced from 256 to 128 [29].

z = ReLU(W1cdrop + b1) (7)

Where, W1 is the weight vector, b1 is the bias vector, and ReLU prevents vanishing gradients and adds sparsity.

For the binary classification, sigmoid activation was used to provide a probabilistic output for the congestion [30], creating

edge binary classification decreasing dense layer from 128 to 1. The mathematical representation as in [31].

p = (w2z + b2) (8)

σ(x) =
1

1 + e−x
(9)

Where, w2 is weight vector, b2 is scalar bias, and Sigmoid σ is to ensure the output p ∈ [0, 1].

Finally, the model was trained using Adam optimizer with learning rate of 0.0003. and the class imbalance was handled by

using Focal Loss with ( α = 0.25, γ = 2) which were calculated according to Eq. (10) as in [32], class 0 (non-congested):

63.6% of samples, class1(congested):36.4% of samples, Focal Loss improves the minority class performance by modifying

the cross entropy to focus on hard to classify examples [33].

FL(p, y) =

−α(1− p)γ log(p), if y = 1

−(1− α)pγ log(1− p), if y = 0
(10)

Where, α: class weighting / assign higher weights to the minority class, and γis a hard example focusing / higher γ model

focus more on misclassified examples.

However, The procedure steps of the proposed model illustrated in Fig.2 and in Algorithm 1.
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Figure 2: The procedure steps of the proposed model.

Algorithm 1: Predict Congestion (X)
Input: Sequence X
Output: Prediction ŷ
1 Hforward = Forward_LSTM(X)
2 Hbackward = Backward_LSTM(X)
3 H = Concatenate(Hforward, Hbackward)
4 for t = 1 to 30 do
5 score[t] = tanh(Wa ·H[t] + ba)
6 end for
7 α = Softmax(score)
8 C =

∑
(α[t] ∗H[t]) for t = 1 to 30

9 C = Dropout(C, 0.4)
10 z = ReLU(Wd · C + bd)
11 ŷ = Sigmoid(Wo · z + bo)
12 return ŷ

IV. EVALUATION AND RESULTS

According to the use of BiLSTM-Attention, the following findings were obtained, for the evaluation setup, a dataset

of more than 2 million temporal sequences taken from a large-scale SUMO simulation of urban traffic was used to train

the proposed BiLSTM-Attention model. Class balance was preserved when the dataset was split into 77% training set and

23% testing set, and applied a sliding window of 30 timesteps, the model trained using binary cross entropy loss and

Adam optimizer, the learning last for 15 epochs. For the training performance, the loss dropped from 0.0370 in epoch 1

to 0.0118 in epoch 15 showing steady discretion as shown in Fig. 3, indicating a successful learning without overfitting.

A 5,10,15,20, and 25 epochs were used in the initial experiments, the improvement in loss was marginal as mentioned

(0.0370 to 0.0118) after nearly 12 epochs which indicates a diminishing returns, the reason behind choosing 15 epochs is

to prevent the overfitting problem and to ensure an efficient computational cost for the sequences that was generated that

exceed the 2 million sequence, the test loss showed a subsequent evaluation with similar downward trend without diverging

from training loss, providing an evidence that the model did not suffer from overfitting problems. In order to test the

robustness of the suggested architecture, a sensitivity tests were used on three dimensions (sequence length, train-test split

ratio, and model parameters), the 30-time step scored the highest F1-score among 15, 30, and 60 time steps, meanwhile

shorter windows failed to capture the required temporal context, and the longer windows created noise and raised the

computational cost. And for the data split a comparison between three test ratios (70-30, 77-23, and 80-20), the 77-23 split

produced the greatest balanced between model stability and evaluation robustness. A set of hidden size (64, 90, 128, and
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Figure 3: Training loss over epochs.

256 units) were tested, as well as the number of layers (1, 2, and 3), and multi dropouts of the hidden layers (0.2, 0.3, 0.4,

and 0.5), the best results we got by using the parameter that mentioned before which is 2 layers each with 128 units, and

dropout of 0.4 which is the number of the neurons that were drooped during the training. And for the evaluation part was

based on accuracy of 92.56%, mean absolute error (MAE) of 0.0744, and a root mean squared error (RMSE) of 0.2728

were obtained from evaluation on the test set of 478,495. F1-score maximization was used to establish the ideal decision

threshold (0.47). With precision and recall scores of 0.94 and 0.91 for the non-congested and congested classes, respectively,

the model obtained a macro-average F1-score of 0.92 at that level. As noticeable in Fig. 4. the Confusion Matrix indicates

strong classification performance for both class congested and non-congested. As shown in Table II, the first class (0)

which is the congested class contain 304,229 samples the model predicted 284524 samples correctly congested, while only

19705 samples are missed to predicted as an actual congestion, and from 174,266 samples which the second class (1) not

congested, 158371samples are predicted no congestion correctly, and only 15895 samples are predicted congestion where

there was none. The majority of false negative events happened on edges with very little congestion spikes according to an

error inspection, meaning that there is no sufficient evidence in the 30-step window that previously applied to the model to

classify them as congested, and for the false negative predictions, happened on edges where density or queue length was

high bot not high enough to reach the threshold of congestion labels, even with such miss classes the model obtained a

high recall of 0.91 for the congested class indicating that the congested events are successfully identified.

The evaluation of the model depended on the accuracy, Mean Absolute Error (MAE), and Root Mean Square Error

(RMSE). A 0.47 threshold was chosen to balance precision and recall, due to the imbalance that occurred in the dataset.
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Figure 4: Confusion matrix.

TABLE II
Classification Report

Class Precision Recall F1-score Support
Non-congested (0) 0.95 0.94 0.94 304,229

Congested (1) 0.89 0.91 0.90 174,226

Macro Avg 0.92 0.92 0.92 478,495

Weighted Avg 0.93 0.93 0.93 478,495

The model performed well even when there was a class imbalance, as evidenced by its high AUC score. Its efficacy in

detecting actual congestion scenarios is further supported by the precision-recall curve (see Fig. 5). The ROC curve (receiver

operating characteristic) is a plot of true positive rate and false positive rate and the area under the curve indicates the

model quality. The precision-recall curve plots the precision and recall, the area under the curve indicates better precision

and recall trade off, it is useful when having an imbalance classes. Table III is a comparison between the proposed model

and some of the related models according to the accuracy, F1-score, MAE, and RMSE.

Consistent hotspots in particular network regions were identified by analyzing the simulation’s most congested edges.

The model works on edge level, Fig. 6 shows the edges that experienced recurrent patterns of congestion in the SUMO

simulation, that indicate that the proposed model is not just detecting a random congestion, but it is able to detect the

congestion in the edges around the network.
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(a) (b)

Figure 5: (a) Precision-Recall (b) ROC.

TABLE III
comparisons with related works

Model Year Accuracy F1-Score MAE RMSE
A3T-GCN 2020 89% 0.87 0.09 0.32

GMAN 2020 ∼88% 0.82–0.88 ∼2.77 ∼5.38

PDFormer 2023 90% 0.88 ∼0.08 0.30

Hierarchical-Attention-LSTM 2024 90% 0.88 0.08 0.29

RMSCNN-Trans 2025 91% 0.89 0.07 0.28

BiGRU Attention LSTM 2025 R2 = 96% – 3.609 4.478

proposed Model (BiLSTM +
Attention) 2025 92.56% 0.90 0.0744 0.2728

V. CONCLUSION

In this work, it was combined between memory-efficient BiLSTM-Attention architecture with synthetic data generation

using the SUMO simulation framework to offer a novel deep learning-based method for traffic congestion prediction in

large-scale urban road networks. A sizable dataset that captured intricate spatiotemporal traffic behaviors across multiple

edges was created from a complex, realistic urban mobility scenario. In order to preserve congestion dynamics and facilitate

effective learning, the preprocessing pipeline was meticulously crafted to convert unstructured telemetry into temporally

ordered sequences. The proposed BiLSTM-Attention model achieved high performance in binary classification comparing

to alternative studies as Table. III were previously showed successfully learning bidirectional temporal dependencies. With

an accuracy (92.56%), F1-score (0.92), low error rates MAE (0.0744), and RMSE (0.2728). The efficiency of the model

improved after applying the threshold optimization strategy under the traffic conditions (congestion and non-congestion)
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Figure 6: Top Congested Edges in the network.

which offered a balance performance.
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