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Abstract
Rear-end collision prediction is a critical component of modern Intelligent Transportation
Systems (ITS), enabling the early detection of hazardous driving conditions and support-
ing advanced driver assistance functions. Although recent deep learning (DL) approaches
have shown strong predictive capability, many architectures, especially those relying on
heavy attention or graph-based computations, suffer from high inference cost, limiting
their suitability for real-time deployment on edge devices. To address this challenge, we
propose a light-weight temporal attention-guided bidirectional long short-term memory
(TAG-BiLSTM) network that efficiently models historical vehicle-kinematic sequences
while capturing long-range temporal dependencies. The BiLSTM backbone encodes for-
ward and backward motion context, while the attention gate selectively emphasizes the
most safety-critical frames associated with rapid deceleration, headway compression, or
abrupt motion changes. Experimental evaluation on benchmark open-source datasets,
including the Next Generation Simulation (NGSIM)1 and highD2, demonstrates the ro-
bustness of the proposed model, achieving a mean performance exceeding 94%.
Keywords: Attention mechanism, collision prediction, deep learning, time series.
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1. Introduction

Road traffic accidents [1], particularly rear-end collisions, represent a significant global
public safety concern. The emergence of ITS has facilitated the integration of sensor data
and DL methods for proactive prediction and mitigation of such incidents. Although ex-
isting research has made substantial progress in vehicle trajectory forecasting and anomaly
detection, the specific task of real-time rear-end collision prediction remains challenging.
For instance, the vehicle dynamics are inherently nonlinear and temporally dependent,
requiring models that can capture sequential relationships in time-series data. However,
real-world driving signals often exhibit measurement uncertainty and modeling complexity,
which can challenge accurate system identification and prediction. Hence, models designed
for strong predictive performance often rely on computationally intensive architectures that
are impractical for real-time inference on in-vehicle processing units, which are typically
resource-constrained. To address these, this work introduces a computationally efficient an
eight layer recurrent neural network using BiLSTM and attention gating modules. Thus, the
main contributions of this work are as follows: (i) An TAG-BiLSTM that effectively models
the temporal evolution of vehicle kinematics for accurate collision prediction in dynamic
traffic environments; (ii) A computationally efficient model configuration, demonstrating
that TAG-BiLSTM can operate with low input dimensionality and short sequence lengths,
making it suitable for real-time deployment in resource-constrained ITS; and (iii) A thor-
ough experimental analysis of widely used benchmark datasets to compare performance
metrics as well as to demonstrate generalization of the proposed model.

1Federal Highway Administration Intelligent Transportation Systems DataHub
2Developed by the Institute for Automotive Engineering, RWTH Aachen University

https://data.transportation.gov/stories/s/Next-Generation-Simulation-NGSIM-Open-Data/i5zb-xe34
https://levelxdata.com/highd-dataset/


The remainder of the paper is organized as follows: Section 2 summarizes related de-
velopments in collision prediction and related sequence modeling approaches. Section 3
elaborates on the proposed architectural design, while Section 4 details the experimental
setup and results. Lastly, Section 5 concludes the paper and discusses potential future
research directions.

2. Related Work

As summarized in Table 1, this study taxonomically grouped the collision prediction mod-
els into four: (i) parametric approaches, (ii) traditional machine learning approaches, (iii)
deep learning approaches, and (iv) hybrid approaches that combine multiple methodologies.

2.1. Parametric Approaches

Parametric approaches represent some of the earliest methods for collision prediction,
relying on physics-based thresholds and kinematic models. Typical examples include time-
to-collision (TTC)-based methods with fixed thresholds, such as the 2.2 s criterion used
in [2]. This formulation underpins industrial forward collision warning (FCW) systems, ex-
emplified by Honda’s TTC-based approach (named as the Honda FCW algorithm), which is
widely adopted as a baseline in collision prediction studies. The Berkeley (PATH) distance-
to-collision (DTC) method [3] is a rule-based approach that estimates collision risk using
deterministic kinematic relationships and conservative stopping-distance margins, often in-
corporating assumptions related to driver perception–reaction time (PRT). However, its
reliance on fixed hyperparameter settings limits adaptability to diverse driving conditions,
which may lead to conservative or suboptimal warning behavior and reduced driver trust.

Method Key Idea Pros and Cons

Parametric Approaches
Honda [2] Time-to-collision threshold Simple, computationally efficient; relies on fixed setup

and lacks adaptability to varying traffic conditions.
Berkeley [3] Distance-to-collision Provides conservative safety margins; however, remains

insensitive to environmental variations.
Machine Learning Approaches
SVM [4–6] Hand-crafted feature

classification
Performs well with engineered features; however,
limited in capturing temporal dependencies.

Fuzzy Logic [7–9] Rule-based decision making Well handles uncertainty, but requires complex rules.
MCWA [10, 11] MLP-based collision warning Nonlinear input–output mapping; but, relies on

handcrafted kinematic features rather than raw
trajectory data, lacks temporal dependency modeling.

Deep Learning Approaches
RCPM [12] CNN + imbalance sample

handling strategy
Addresses class imbalance; however, requires a
structured input representation suitable for CNNs.

LSTM [13, 14] Sequence modeling (and
attention-enhanced info.)

Captures temporal dynamics; however, standard
LSTM variants operate in a unidirectional manner.

Hybrid Approaches
Fuzzy-xAI [15] Fuzzy rules with explainable

AI (xAI)
Combines interpretability and learning capability, but
results in increased architectural complexity.

CNN-LSTM [16, 17] Hybrid/ ensemble modeling Integrates spatial and temporal modeling; it introduces
increased model complexity, requires careful design.

Table 1. Taxonomical Summary of the Relevant Studies.



2.2. Machine Learning Approaches

With increasing technological advancements and computational capability, the collision-
prediction research shifted toward machine learning techniques, including decision trees [18,
19], support vector machines (SVM) [4–6], and fuzzy-logic systems [7–9]. The fuzzy logic-
based collision avoidance systems utilize fuzzy inference frameworks that map kinematic
inputs (e.g., distance and relative velocity) into linguistic variables using membership func-
tions, evaluate them through expert-defined rule bases, and produce defuzzified control
actions for collision mitigation [7–9, 20]. However, their reliance on expert-defined rules and
membership function design may limit scalability and generalization under complex and
dynamic traffic conditions.

In contrast, the MLP-based rear-end collision warning models (MCWA) [10, 11] adopt
a fully data-driven approach, learning the mapping from kinematic variables such as rela-
tive distance and velocity directly to collision risk without relying on rule-based thresholds
or predefined heuristic decision logic. By training on observed driving data, the model
captures nonlinear interactions among input variables and improves prediction accuracy
for imminent rear-end collision scenarios. Empirical evaluations in prior work show that
this formulation can enhance warning performance and reduce false alarms compared to
conventional threshold-based collision warning strategies.

2.3. Deep Learning Approaches

To improve predictive performance, recent collision prediction models have incorporated
DL techniques. For example, the real-time collision prediction model (RCPM) [12] employs
a convolutional neural network (CNN) combined with genetic oversampling to mitigate class
imbalance in crash datasets. In such approaches, trajectory data are typically reformulated
into structured spatial–temporal representations suitable for convolution operations. While
effective in extracting local patterns, CNN-based methods may introduce additional model-
ing complexity and are generally less explicit in capturing long-range temporal dependencies
compared to sequence-oriented architectures.

To model temporal dependencies in sequential driving data, recurrent architectures such
as LSTM networks are widely used due to their ability to capture historical context over
time. By accurately predicting future trajectories of surrounding vehicles, such models can
support downstream decision-making processes, including motion planning and collision risk
assessment, thereby contributing to safer driving strategies. For instance, Park et al. [13]
proposed an LSTM encoder–decoder framework to learn temporal dependencies from past
trajectories and generate multi-step future predictions. Similarly, Lin et al. [14] introduced
a spatial–temporal attention-based LSTM model that captures both temporal dynamics
and inter-vehicle interactions by focusing on the most relevant time steps and neighboring
vehicles. However, standard LSTM models typically operate in a unidirectional manner
in causal prediction settings, limiting their ability to incorporate future context during
inference. This limitation can be mitigated by integrating BiLSTM modules, as explored in
this work, enabling richer representations through bidirectional sequential processing when
full sequence information is available.

2.4. Hybrid and Emerging Approaches

Hybrid approaches have been investigated to combine complementary learning paradigms
for enhanced collision-risk prediction. For instance, [8] proposes a type-3 fuzzy logic system
integrated with explainable AI techniques for dynamic collision avoidance in autonomous
vehicles. Such approaches often involve complex architectural design and rule tuning, which
can limit scalability and practical deployment. More recent CNN–LSTM frameworks exploit



Dataset Sampling Rate (Hz) Samples Train Test Val

NGSIM [21] 10 1,048,575 634,964 203,375 210,236

highD [22] 25 1,017,235 712,135 151,560 153,540

NGSIM offers fixed-roadside freeway trajectories. highD provides drone-based highway data.

Table 2. Summary of the benchmark datasets used in this work.

spatial–temporal modeling by first extracting spatial features using CNNs and subsequently
learning temporal evolution through recurrent layers. For instance, [16] proposes a hybrid
CNN–LSTM network for real-time lane detection, which can support safer driving by im-
proving scene understanding and reducing collision risk. On the other hand, Yang et al. [17]
propose a multi-stream ensemble DL framework that integrates segment-level LSTM mod-
eling with trajectory-level CNN learning for crash prediction under mixed traffic sensing
conditions in connected vehicle environments.

In general, hybrid approaches combine spatial feature extraction and temporal sequence
modeling within unified or separate learning pipelines, or employ multimodal ensemble
strategies to achieve strong predictive performance. However, such hybrid architectures
typically introduce additional computational complexity, which can increase inference cost
and pose challenges for real-time deployment in safety-critical collision warning systems.

3. Methodology

3.1. The Benchmark Dataset and Data Curation

The main dataset used in this study is the NGSIM [21]. Table 2 summarizes the key
details of it. We also conduct extended experiments on an additional dataset–highD [22],
for model robustness analysis. The NGSIM provides naturalistic traffic observations sampled
at 10 Hz from US Highway 101 and I-80. Passenger vehicles with complete kinematic records
are retained, and key features, including velocity, acceleration, space and time headway, lane
ID, and vehicle dimensions, were extracted. Raw trajectories are chronologically ordered
by vehicle identifier and time index, and velocity and acceleration signals are smoothed to
reduce noise and improve temporal consistency. The data are segmented into overlapping
(stride of s) temporal sequences of T frames (in this case s = 1, and T = 10), with each
sequence labeled at its final time step to avoid future information leakage. All preprocessing,
class balancing, and dataset partitioning are performed at the sequence level to ensure strict
temporal separation with no overlap between subsets. The resulting data are stratified into
training, validation, and test sets using a 70:15:15 split, as shown in Fig. 1, preserving class
distributions and enabling unbiased evaluation across all splits.

3.1.1. Temporal Segmentation into Fixed-length Sequences

Trajectory data is segmented into fixed-length sequences of T time steps using a sliding-
window approach, defined as

Xi = [xt, xt+1, . . . , xt+T−1] ∈ RT×7, (3.1)

where each frame x includes seven kinematic features describing vehicle motion and spatial
context. Each sequence inherits the label of its final frame xt+T−1, enabling the model to
learn collision risk from the preceding temporal dynamics.
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df = pd.read_csv(self.data_path)
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df['Space_Headway'] / (df['v_Vel'] + 1e-6))b
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Ref: Wang et al. [12]
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0:Safe, 1:Warning, 2:Danger 
df['collision_risk'] = 0, Ref: Wang et al. [12]

Sequence Generation

Figure 1. The NGSIM vehicle trajectory preprocessing, temporal sequence generation,
and balanced dataset curation for TAG-BiLSTM model development.

3.2. The End-to-End Architecture

As depicted in Fig. 2, the proposed TAG-BiLSTM subsumes three key processing stages:
a temporal feature extraction, temporal attention learning, and sequence aggregation and
classification. Table 3 provides a detailed breakdown of the model architecture and connec-
tivity pattern, including all dimensions and operations of the model.
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Figure 2. An illustration of the TAG-BiLSTM architecture, where T and F denote the
input’s sequence length and the number of attributes, respectively. It processes the input
sequence through the BiLSTM feature-extraction stack, refined by an attention gate, and
passed through dense layers to generate the final collision-risk classification output.

ID Layer Type Output Shape Input
L1 Input Layer b× 10× 7 Mini-batch

Primitive Temporal Feature Extraction (BiLSTM Stack: L2–L3)
BiLSTM (128 units) b× 10× 256 L1

L2 Dropout (p = 0.3) b× 10× 256 L2
BatchNormalization b× 10× 256 L2
BiLSTM (64 units) b× 10× 128 L2

L3 Dropout (p = 0.3) b× 10× 128 L3
BatchNormalization b× 10× 128 L3

Temporal Attention Learning Applied to L3 Output L4
L4 Attention Gate (Additive Softmax) b× 10× 128 L3

Weighted Context Fusion (x⊙ α) b× 10× 128 L4
High-Level Feature Refinement (L5–L7)

LSTM (32 units) b× 32 L4
L5 Dropout (p = 0.2) b× 32 L5

BatchNormalization b× 32 L5
L6 Dense(64) → ReLU b× 64 L5

Dropout (p = 0.2) b× 64 L6
L7 Dense(32) → ReLU b× 32 L6

Dropout (p = 0.2) b× 32 L7
Prediction Head (L8)

L8 Dense(3) → Softmax → ŷ b× 3 L7

Total learnable parameters- 346,923; BiLSTM— bidirectional long short-term memory
layer; Attention Gate— Additive attention mechanism producing normalized weights αt;
BatchNormalization— Batch-wise normalization; Dense(n)— Fully connected layer with
n neurons; Dropout(p)— Dropout with probability p; ReLU— Rectified linear unit.

Table 3. Layer-by-Layer Connectivity Pattern of the TAG-BiLSTM.

The temporal feature extraction stage receives an input sequence X ∈ Rb×T×F , where
b, T , and F denote the batch size, sequence length, and number of kinematic features,
respectively. The temporal encoding stage consists of two stacked bidirectional LSTM layers
(BiLSTM-128 and BiLSTM-64, i.e., L2 and L3 as in Table 3), which extract forward and
backward temporal dependencies as defined in (3.2), and (3.3):

HL2 = BiLSTM128(X), and (3.2)

HL3 = BiLSTM64(H
L2), (3.3)

where HL2 ∈ Rb×T×256 (128 hidden units in each direction), and HL3 ∈ Rb×T×128 (64
hidden units in each direction). Thus, the bidirectional structure concatenates forward and
backward hidden states, enabling each timestep to encode both past and future contextual
information. The attention learning module operates on HL3 ∈ Rb×T×128 and computes



temporal relevance scores using an additive attention mechanism:

Z = tanh
(
WaH

L3 + ba

)
, e = v⊤Z, (3.4)

α =
exp(e)∑T

k=1 exp(ek)
, (3.5)

where α represents the normalized attention weight for timestep, forming α ∈ Rb×T . The
attention-weighted representation is obtained via element-wise gating:

H̃L4 = αHL3, H̃L4 ∈ Rb×T×128. (3.6)

The sequence aggregation stage applies a unidirectional LSTM with 32 hidden units:

hL5 = LSTM32(H̃
L4), hL5 ∈ Rb×32. (3.7)

This is followed by fully connected layers:

hL6 = ReLU(W1h
L5 + b1), hL6 ∈ Rb×64, (3.8)

hL7 = ReLU(W2h
L6 + b2), hL7 ∈ Rb×32. (3.9)

Finally, the prediction head maps the refined representation into a probability distribution
over three classes:

ŷ = softmax(Woh
L7 + bo), ŷ ∈ Rb×3. (3.10)

Hence, the output classes correspond to: Safe, Warning, and Danger.

4. Experimental Analysis

4.1. Implementation Environment

All experiments were implemented in Python 3.12.7 using TensorFlow 2.13.0, along with
NumPy 1.23.5, Pandas 1.5.3, SciPy 1.10.1, scikit-learn 1.2.2, and Matplotlib 3.7.1 for data
processing, model development, and evaluation on a system equipped with an NVIDIA RTX
5060 GPU and 32 GB of RAM. To ensure reproducibility, a fixed random seed of 42 was
used across all stochastic operations throughout the experimental evaluation.

4.2. Training Strategy

The proposed model was trained using the Adam optimizer with a learning rate of
1 × 10−4 and a batch size of 64. Training stability and generalization were improved via
EarlyStopping and ReduceLROnPlateau callbacks. Model parameters are optimized by
minimizing the categorical cross-entropy (CE) loss between the predicted class distribution
ŷ ∈ Rb×3 and the ground-truth labels y ∈ Rb×3. For a mini-batch of size b and C = 3
classes, the loss is defined as

LCE = −1

b

b∑
i=1

C∑
c=1

yi,c log ŷi,c, (6)

where yi,c denotes the one-hot encoded ground-truth label and ŷi,c represents the predicted
probability for class c. Minimizing CE maximizes the likelihood of the correct collision-risk
predictions. The mini-batch size of 64 is selected because it provides a balanced trade-off
between gradient stability and computational efficiency, which is sufficiently large to produce
smooth gradient estimates for recurrent layers, yet small enough to utilize GPU memory
and maintain fast training iterations fully. Stable convergence is achieved, as shown in
the fig. 3), confirming robust generalization and supporting the high-performance results
achieved with these trained parameters.



Figure 3. The training progress plots of the TAG-BiLSTM on the NGSIM (top) and
highD (bottom) datasets.

4.3. Evaluation Metrics

The performance of the proposed model is evaluated on a held-out test set using overall
accuracy (OA), the area under the curve (AUC) derived from the receiver operating char-
acteristic (ROC), class-wise precision, recall, and F1-score, along with macro-averaged F1
to account for class imbalance. The OA is defined as

OA =
1

N

N∑
i=1

I(ŷi = yi)× 100%, (7)

where N denotes the total number of samples, ŷi represents the predicted class label of
the i-th sample, yi is the corresponding ground-truth label, and I(ŷi = yi) is an indicator
function that equals 1 if the prediction is correct and 0 otherwise.

For each class c ∈ {safe, warning, danger}, the evaluation metrics are computed in a
one-vs-rest manner. Thus, the class-wise precision, recall, and F1-score are defined as

Pc =
TPc

TPc + FPc
, Rc =

TPc

TPc + FNc
, and F1c = 2 · Pc ·Rc

Pc +Rc
, (8)



Method OA (%)↑ Pre. (%)↑ Rec. (%)↑ AUC (%)↑ F1 (%)↑

Honda FCW Algorithm [2]* – – – 63.60 58.30
Berkeley PATH Algorithm [3]* – – – 71.00 70.28
MCWA [10]* – – – 81.00 74.33
RCPM [12] 86.00 87.00 – 82.30 90.20
YOLOv3 [23] 86.00 88.00 – 89.20 84.70
YOLOv3-RCEP [23] 92.00 90.00 – 96.20 94.20
Multi-Layer BiLSTM (baseline) 94.22 96.24 94.20 99.13 94.86
TAG-BiLSTM (proposed) 94.77 96.44 94.77 99.21 95.30
Note: ↑ Higher values indicate better performance; ∗ results are adopted from [12]; boldface
denotes best performance.

Table 4. Performance Analysis on NGSIM Dataset.

where TPc, FPc, and FNc denote the true positives, false positives, and false negatives for
class c, respectively. Hence, the macro-averaged F1-score is computed as the arithmetic
mean across all classes:

Macro-F1 =
1

3

3∑
i=1

F1i, (9)

The weighted F1-score accounts for class imbalance by incorporating class support:

Weighted-F1 =

3∑
i=1

(
Supporti

N
· F1i

)
, (10)

where Supporti is the number of samples in class i, and N is the total number of samples in
the evaluation set. Together, these metrics present a comprehensive benchmark comparison
as discussed in Section 4.4.

4.4. Performance Analyses

Table 4 presents a comparative analysis of the proposed TAG-BiLSTM against estab-
lished collision prediction methods on the NGSIM dataset. It also includes a baseline model
with the same architecture as TAG-BiLSTM but without the temporal attention module,
enabling an explicit evaluation of the contribution of the attention mechanism. Traditional
algorithms, viz. Honda FCW, Berkeley PATH, and MCWA show limited discriminative
capability, with AUC scores ranging from 63.60% to 81.00%. Vision-based deep learn-
ing methods deliver stronger results, with YOLOv3-RCEP achieving 92.00% accuracy and
96.20% AUC. The multi-layer BiLSTM baseline establishes a strong temporal foundation,
achieving 94.22% accuracy, 96.24% precision, 94.20% recall, 99.13% AUC, and an F1-score
of 94.86%.

The proposed TAG-BiLSTM achieves state-of-the-art performance across all metrics, im-
proving accuracy to 94.77%, precision to 96.44%, recall to 94.75%, and maintaining 99.21%
AUC, along with an F1-score of 95.30% compared to the baseline. This demonstrates the
effectiveness of attention-gated mechanisms in capturing critical temporal patterns for col-
lision risk assessment. The near-perfect AUC of 99.21% and balanced F1-score of 95.30%
highlight the suitability of the model for real-time safety.

4.5. Generalization Performance Analysis on highD Dataset

To further validate the proposed approach, we experiment on the highD dataset [22]. A
naturalistic vehicle trajectory dataset captured on six German highway locations using a
drone-mounted camera from a bird’s-eye aerial perspective at a sampling rate of 25 Hz, with



Method OA (%)↑ Pre. (%)↑ Rec. (%)↑ AUC (%)↑ F1 (%)↑

Multi-Layer BiLSTM (baseline) 92.71 91.58 92.71 84.77 90.06
TAG-BiLSTM (proposed) 94.75 94.38 94.75 95.03 94.51
Note: ↑ Higher values indicate better performance; ↓ lower values are better; and boldface
denotes the best-performing result.

Table 5. An Additional Analysis on highD Dataset.

trajectories extracted via computer vision techniques. Table 5 presents results on the highD
dataset. TAG-BiLSTM outperforms the baseline across all key metrics: increasing accuracy
from 92.71% to 94.75%, precision from 91.58% to 94.38%, recall from 92.71% to 94.77%,
and F1-score from 90.06% to 94.51%. Notably, it also achieves a substantial improvement in
AUC from 84.77% to 95.03%. These results confirm that TAG-BiLSTM not only maintains
efficiency but also generalizes robustly to distinct traffic datasets, consistently demonstrating
its practical value for diverse real-world ITS applications.

5. Conclusion

The proposed TAG-BiLSTM achieves 94.77% accuracy on NGSIM and 94.75% accuracy
on highD for real-time collision risk assessment, Its attention-gating mechanism captures
critical temporal patterns for reliable discrimination. However, performance under diverse
weather conditions and varying road conditions remains unverified, as the model was eval-
uated primarily on clear-weather datasets. Future work will focus on extending prediction
horizons to capture earlier precursors of collisions and rigorously validating model perfor-
mance under adverse environmental conditions to ensure robust real-world operation.
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