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A Two-Stage Context-Aware Meta-Ensemble Framework for Collision Risk Prediction
in Internet of Vehicles
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Abstract

A key challenge in Internet of Vehicles (IoV) environments is accurately predicting collision
risks, given the dynamic nature of traffic systems and the variety of available data sources.
Existing approaches often rely on structured loV data, while visual contextual information
is not fully incorporated into the prediction process. This limitation motivates a unified
framework that integrates environmental perception with sensor-derived information to
enable more accurate collision-risk prediction. In this study, we propose a two-stage
context-aware meta-ensemble framework that combines image-based perception and loV-
based predictive analysis for collision-risk prediction. The first stage uses multiple pre-
trained convolutional neural networks to obtain rich visual representations from vehicle
images through feature-level fusion. The second stage employs a hybrid stacked ensemble
architecture that combines the probabilistic outputs of heterogeneous machine learning
models with loV and image-derived features, which a meta-learner then processes for final
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collision-risk prediction. The proposed feature-fusion model performs best in the perception stage, with an accuracy
of 0.97. In the loV-based prediction stage, the proposed stacked ensemble architecture outperforms all baseline
models, achieving an accuracy of 0.9847. Robustness analysis shows that the perception module tolerates blur and
rotation but remains sensitive to Gaussian noise. Cross-stage integration incorporates image-derived features into
the loV feature space, providing complementary visual context for collision-risk prediction and demonstrating its
potential for intelligent transportation and cyber-physical loV applications.

1. INTRODUCTION

Intelligent transportation systems are evolving rapidly, and a major paradigm driving this evolution is the
Internet of Vehicles (IoV), which aims to provide connected, autonomous, and data-driven vehicle
transportation*. IoV extends the Internet of Things (IoT) by integrating vehicles, roads, sensors, and
communication networks into a seamless environment. Vehicle-to-vehicle (V2V), vehicle-to-infrastructure
(V2I), and vehicle-to-everything (V2X) are three fundamental communication environments that support
real-time information exchange with various entities” ). This integrated system allows vehicles to
communicate with each other and provides valuable information such as speed, location, traffic data, and
driver behavior. Therefore, IoV plays a significant role in optimizing traffic flow, decreasing congestion, and
enhancing road safety. However, an IoV environment is complex and dynamic, with high mobility,
heterogeneous data sources, and unpredictable driving scenarios. These challenges make collision risk
prediction a key concern. Traditional methods that merely extract structured sensor data cannot fully
represent the context of a driving situation, especially visual information such as surrounding objects, road
type, and environment. This constraint underscores the need for more comprehensive and context-aware
solutions that can effectively combine multiple sources of information to gain higher accuracy and reliability
in their predictions!®.

Cyber-physical systems (CPS) provide a solid basis for designing intelligent and adaptive transportation
systems. CPS combines computation with physical processes through continuous sensing, communication,
and control. In an IoV-based CPS, vehicles act as intelligent agents that communicate with physical and
digital infrastructure. Sensors gather real-time data from the surrounding environment, computational
models process the data to provide actionable information, and the control mechanism takes action based on
dynamic environments. The integration of the physical and cyber worlds allows for real-time monitoring,
predictive analytics, and automated decision-making in safety-critical CPS applications. By incorporating
these elements into a CPS, the system becomes more sophisticated and can operate in real time, continuously
adapting to its surroundings. The CPS-based IoV systems can be more complete and predictive by
incorporating data from various sources. However, designing systems that can manage heterogeneous data,
scale, and remain reliable amid uncertainty is challenging. These requirements drive the need for an
intelligent framework that bridges the gap between perception and decision-making and combines data-
driven and context-aware technologies”.

As intelligent transportation systems become more complex, advanced artificial intelligence techniques,
specifically deep learning and machine learning, are increasingly used for perception and decision-making
tasks. Deep learning, particularly convolutional neural networks (CNNs), has achieved outstanding
performance in vehicle image classification by automatically extracting hierarchical, discriminative features
from raw images. Unlike handcrafted computer vision algorithms, CNN-based algorithms learn spatial
patterns such as edges, shapes, textures, and object structures in the data. This ability allows vehicles to be
classified correctly under different lighting conditions, orientations, occlusions, and background
complexities. Therefore, deep learning has become an integral part of perception systems for many modern
vehicle applications. In addition to perception, machine learning is also significant for predicting collision
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risks and analyzing structured data from IoV environments'>"'!. Logistic regression (LR), support vector
machines (SVMs), multi-layer perceptrons (MLPs), and ensemble models are among the popular algorithms
used to model relationships among factors such as vehicle speeds, distance, driving behavior, and
environmental conditions!>'*). These models can identify complex patterns and relationships in large
amounts of data, potentially predicting possible collisions. In contrast to rule-based systems, machine
learning (ML)-based methods provide better adaptability, scalability, and predictive capabilities in dynamic
traffic situations. Deep learning and machine learning can be used together to overcome the shortcomings of
using one modality. Deep learning is well suited to capture context and visual information from images, and
machine learning is well suited to model linear sensor data and decision boundaries in images. They can be
used together to combine visual and numerical modalities for more comprehensive, contextual predictions.
This type of synergy is particularly important for collision risk prediction. The advantages of ensemble
methods lie in combining multiple models with varying learning characteristics, thereby reducing bias'*"".

In IoV environments, accurate collision risk prediction remains a critical challenge because traffic systems
are dynamic and heterogeneous. Let the IoV dataset be represented as D, = {(X,, y)},_,", where X, € R*
denotes structured features such as vehicle velocity, inter-vehicle distance, driver status, braking capability,
and environmental conditions, and y, € {0,1} represents the collision label. Traditional approaches aim to
learn a function f;R? — {0,1} to predict collision risk based solely on these features. However, such models
often fail to capture contextual information from the surrounding environment. To address this limitation,
consider an additional image dataset D, = {I,}_,", where each image I, contains visual information related to

the driving environment. A deep learning model extracts image-based features, "¢ € R* such that:

;" =g,
where g(-) represents the feature extraction function. The augmented feature space can then be defined as:

X; = [Xi, f,»img],
which combines structured IoV data with visual information.
The objective of this research is to learn an optimal prediction function:
F:R¥* - (0,1},
that minimizes the prediction error:
min E[L(y;, F(X)))],

where L(-) is a suitable loss function.

The direct learning of such a function, however, is difficult because of (i) the diversity in data modalities; (ii)
the complex non-linear relationships between features; and (iii) real-world variations in driving conditions.
Thus, a strong framework is required to integrate visual and IoV data and to leverage multiple learning
models to improve prediction accuracy and generalization.

In this work, we tackle these issues by constructing a two-stage context-aware meta-ensemble approach,
which is composed of deep learning techniques for extracting image features and a stacked ensemble
learning technique for collision risk prediction. The aim is to improve prediction capability, robustness, and
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context awareness in CPSs based on IoV. The key contributions of this research are summarized as follows:

+ A unified two-stage architecture is proposed to connect the image-based perception and IoV-based
collision risk prediction, allowing the seamless integration of visual understanding and decision-making in
cyber-physical vehicle systems.

« To incorporate image-derived information into the IoV dataset, a novel cross-stage integration strategy is
introduced, in which image-derived features (class probabilities, predicted labels, and confidence scores) are
injected into the IoV dataset, and the model uses both visual and sensor-based information in a unified
predictive framework.

« Multiple pre-trained CNN models (VGG16, VGG19, DenseNet121, DenseNet169, InceptionV3, and
MobileNetV2) are used to obtain rich and diverse visual representations through feature-level fusion, thereby
enhancing the system’s perception capability.

« An ensemble learning model is constructed by combining heterogeneous base learners [LR, SVM, MLP,
and XGBoost (XGB)] with augmented features and applying a random forest meta-learner to boost the
learning precision and generalization.

« To ensure the trustworthiness of models for safety-critical applications, the study includes explainable AI
techniques such as Grad-CAM, SHapley Additive exPlanations (SHAP), and local interpretable model-
agnostic explanations (LIME) analysis, offering both visual and feature-level interpretability.

« The robustness of the perception stage is evaluated under controlled noise, blur, and rotation perturbations,
revealing its tolerance to blur and rotation as well as its sensitivity to Gaussian noise.

The rest of the paper is organized as follows: Section 2 provides the related work. Section 3 describes the
proposed framework. Section 4 highlights the performance evaluation. Section 5 presents experiments,
results, and discussion, and Section 6 concludes the article with several future directions.

2. RELATED WORK

With the recent development of IoV and intelligent transportation systems, deep learning and machine
learning have been effectively applied in accident identification, collision prediction, and safety
improvement.

In"*, a federated deep learning model for IoV-based collision prediction is proposed, which combines
federated learning and reinforcement mechanisms to optimize both storage and collision prediction. The
model performs well with high accuracy, which proves the effectiveness of temporal learning in IoV systems.
But the method is primarily geared towards sequential data and lacks visual perception and heterogeneous
feature integration. In""), an IoV-based accident detection system with an edge-assisted architecture is
presented, where on-vehicle inference and validation from a roadside unit (RSU) are done jointly to ensure
real-time detection with low latency. A hybrid deep learning ensemble is used for the model, and high
accuracy (98.65%) is obtained. Although this represents a strong performance, the framework is mainly
based on visual information and does not integrate structured features of IoV. The study in"*" suggests that
accident risk prediction can be performed by a deep learning-based CNN-long short-term memory (LSTM)-
graph neural network (GNN) model, which is capable of capturing spatial, temporal, and relational
dependencies in traffic data. They model spatiotemporal relationships, improving prediction accuracy to a
great extent. The model, however, is based solely on trajectory and sensor data and lacks any visual
contextual information.

In", an IoV fog-assisted accident detection framework is proposed where machine learning techniques are
applied to learn from sensor data from vehicles in edge and fog layers. The study shows high latency and
efficient detection in a distributed environment. But the method is based on data processing using sensors

21]

and does not discuss the integration of perception-based features. In®', a real-time accident detection system



Zhukabayeva et al. Intell. Robot. 2026, 6(3), 643-77 Page 647

based on deep learning is proposed in which CNN-based models are deployed on the vehicles and
combined with the oV communication systems. The study shows the need for distributed intelligence
and doesn’t include an organized mechanism for data fusion across multiple modalities. An
uncertainty-aware collision prediction model based on edge computing and a recurrent neural network is
presented in??. The framework can forecast vehicle movements and evaluate intersection collision risk with
high accuracy. While the approach correctly models uncertainty, it is still mainly based on the prediction of a
trajectory and neglects image-based contextual features. Recent developments on ensemble learning for IoV
systems described in'”’ show that stacking is a powerful approach that combines several systems to improve
prediction performance. However, these techniques are typically used in cybersecurity and are not used for
collision prediction and cross-domain feature integration.

The new developments in IoV and intelligent transportation systems (ITS) increasingly focus on real-time
sensing, reliable V2V communication, and smart network management. The study presented in"**
introduced a multi-access edge computing (MEC) system for real-time vehicle tracking in large-scale
roadside sensor networks. By combining camera and radar data, the authors used machine learning
techniques to predict trajectories and provide scalable tracking with low processing latency. The study in"**
presents an optical communication-based V2V approach for vehicle platooning, in which an LED matrix
serves as the transmitter and a monocular camera as the receiver. The study therefore complements the
conventional V2V communication approach and creates network-independent communication. The authors
in® explored combining of LoRa and distributed machine learning to optimize network connectivity for
green and intelligent transportation by dynamically tuning the transmission parameters and optimizing the
allocation of gateways and end-devices to minimize interference, congestion, and energy consumption. The
studies indicate that IoV is rapidly evolving into a platform for sensing, resilient V2V communication, and
intelligent network optimization, but they mainly focus on tracking, communication, and network
connectivity rather than cross-modal visual-context integration with structured IoV data for collision risk
prediction.

The current literature shows that deep learning, machine learning, edge computing, and ensemble learning
techniques have been successfully used for accident detection and collision risk prediction in IoV scenarios.
However, most existing studies focus on structured IoV data or visual information in isolation, limiting
context awareness and adaptability in complex traffic scenarios. Moreover, the integration of heterogeneous
data sources, robust ensemble learning mechanisms, and decision explanations has not been thoroughly
examined. This study introduces a context-aware cyber-physical framework combining image-based
perception with IoV sensor information via a two-stage meta-ensemble architecture to overcome these
shortcomings. The proposed algorithm is expected to enhance the accuracy, reliability, and explainability of
collision risk prediction in ITSs by leveraging deep feature extraction, cross-modal feature fusion, stacked
ensemble learning, and explainable Al methods.

3. PROPOSED FRAMEWORK

This study presents a two-stage context-aware collision risk prediction system aimed at addressing collision
issues in IoV environments, leveraging visual perception and data-driven decision-making. The system
architecture shown in Figure 1 is based on the concept of a CPS pipeline, which involves the cooperation
between the perception and prediction elements for intelligent and reliable collision risk assessment. The
first stage uses a deep learning-based perception module to process vehicle images and provide meaningful
visual information. Various pre-trained CNN architectures are used to extract different representations of
features and are combined with a feature-level fusion strategy. The visualization in this stage is implemented
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Figure 1. Two-stage context-aware framework for collision risk prediction in loV. loV: Internet of Vehicles; XGB: XGBoost; LR: logistic
regression; SVM: support vector machine; MLP: multi-layer perceptron.

in the form of high-level visual descriptors, predicted labels, and confidence scores. These outputs provide
context about the driving environment and serve as an additional source of knowledge beyond conventional

IoV sensor inputs.

In the second stage, the stacked ensemble learning approach predicts collision risk. The features in the first
stage, such as vehicle velocity, distance between vehicles, vehicle brakes, driver type, environmental
conditions, and road conditions, are augmented with image-derived features in the IoV dataset. This
integration combines structured sensor information and visual information for context-aware learning. Base
models are trained independently, and then their probabilities are fused in a weighted fashion with the
expanded feature vector in order to generate a unified representation. This combined input is then passed to
a meta-classifier, which produces the final collision prediction. The proposed framework’s novelty lies in
feature fusion, ensemble learning, and a cross-stage integration mechanism, where the perception stage
output is systematically fed into the prediction stage. The design enables the model to learn intricate
relationships between visual context and vehicular dynamics, and it leads to more accurate and robust
predictions. The proposed framework also leverages visual intelligence, which provides a more realistic and
complete understanding of traffic scenarios. The system is scalable and flexible for deployment in CPS-
enabled smart transportation systems. The modular design enables optimization of each stage without
compromising their seamless integration. The perception stage can be improved by using more sophisticated
vision models, and the prediction stage can be extended by adding more IoV features or learning algorithms
without impacting the architecture.
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3.1. Algorithm for the proposed framework

The proposed algorithm [Algorithm 1] is designed to be a structured two-stage pipeline, combining image-
based perception and IoV-driven collision prediction using a context-aware meta-ensemble strategy. In the
first phase, the images of the vehicles are processed by a number of pre-trained CNNs, namely VGG1s,
VGG19, DenseNet121, DenseNet169, InceptionV3, and MobileNetV2. These models are independent, and
each produces a class probability distribution of the input images. A feature-level fusion mechanism is then
used to fuse these outputs to capture different visual representations. Three different image-derived features
are extracted from the fused outputs: predicted class label, maximum confidence, and full probability vector.
These features represent a condensed and informative visual context representation. The image-derived
features from the first stage are appended to the IoV dataset, which includes structured features like driver
status, number of lanes, vehicle velocity, inter-vehicle distance, braking capability, and environmental
conditions. This creates an enriched feature space that combines sensor and visual information. Later, the
different base learning models are independently trained on the expanded dataset, namely, LR, SVM, MLP,
and XGB. All base models produce a probability output, which represents the proposed probability of
collision. These outputs are then used as meta-features and fused with the original augmented features to
create a higher-level representation. Next, a meta-learning layer (random forest classifier) is added, which
takes the concatenated features and learns the non-linear, complex relationship between the base-model
prediction and the features. This hierarchical learning approach lets the system overcome the limitations of
using a single model for parameterization and detect relationships across model classes. The same sequence
is followed for inference, which entails extracting image features and injecting them into the IoV data,
generating probability scores from the base models, and generating predictions from the meta-classifier. The
output is a binary classification indicating collision or no-collision risk. The computational complexity of the
proposed two-stage framework is mainly influenced by the deep learning models used in the first stage and
the ensemble learning process in the second stage. In Stage 1, a number of pre-trained CNN models are
applied to obtain the visual features of input images. These models are used in inference mode with fixed
weights and therefore are efficient and can be parallelized across models, leading to a reduction in overall
processing time. The complexity is related to training and prediction using multiple base models (LR, SVM,
MLP, and XGB) and the meta-learning step performed using a random forest classifier in Stage 2. The base
models are structured and relatively light, with only a moderate computational overhead, whereas the
random forest meta-learner performs a series of tree-based operations, which results in a moderate
computational overhead. This overhead is manageable, however, because of the controlled parameters of the
models and the efficient implementation. The multi-stage structure does not impose prohibitive
computational costs. Adopting pre-trained models, parallel processing, and effective ensemble methods
ensures the system is scalable and can be deployed in IoV and CPS applications in real time or near real time.
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Algorithm 1: Two-Stage Context-Aware Meta-Ensemble Framework for Collision Risk Prediction
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Begin
Input:
Image dataset D; = {I4, I, .., .}
IoV dataset Dy = {X,X>, ..., X;;}

Labels Y = {y,¥,, ... ¥}, where y € {0,1}

Output:

Predicted collision risk ¥

Stage 1: Image-Based Feature Extraction

Initialize CNN Models:
Meyy = {M1, My, .., Mg}

where

M; € {VGG16, VGG19, DenseNet121, DenseNet169, InceptionV3, MobileNetV2}

For each image I; € D;:

Extract prediction probabilities from each model:

p® =M (1), k=12,..6
Perform feature fusion:

6
=1 (k)
P,

Extract image features:

fimg = {arg max (P;), max (P,), P;}

Construct Image Feature Set:

_ img pimg img
Timg_{f1 vJ2 remwn

Stage 2: IoV-Based Collision Prediction

Augment IoV Features:

Xi =X, fi™]

Initialize Base Models:

Mpase = {LR, SVM, MLP, XGB}

Train Base Models and Generate Probabilities:

LR . SVM . MLP . XGB
P, pi ) Di » Di

Construct Meta-Feature Vector:
z; = [pt%, o™, P, pEP, X1

Meta-Learning Layer

Train Meta-Classifier (Random Forest):

Vi = Mmeta(Z)

Prediction Phase

For a new sample (I,,0,’Xpew):
Extract image features fmd
Form augmented input:

Xnew = [Xnews Frew]

Generate base model outputs:

LR SVM MLP ,,XGB
Prew» Pnews Pnewr Pnew

Construct meta-input:

— LR SVM MLP XGB
Znew - [pneWJ DPrnew» Pnewr Pnew»

Final prediction:
j)new = Mmeta(Znew)
Return:

? = {5\/1!5\/2! '"'j\/n}
end

XITLEW]
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4. PERFORMANCE EVALUATION

A Python-based simulation environment was used to implement and evaluate the proposed framework. Data
preprocessing and manipulation libraries such as NumPy and Pandas were used, and deep learning models
were implemented with TensorFlow/Keras. The machine learning algorithms and evaluation metrics were
used with the help of Scikit-learn. For visualization and performance analysis, we used Matplotlib and
Seaborn.

4.1. Performance evaluation parameters

The effectiveness of the proposed framework was tested through a set of standard classification metrics in
order to provide a comprehensive assessment of the effectiveness of prediction. The number of correctly
classified instances measures the model’s overall correctness and is therefore termed ‘accuracy’. Precision
reflects how well the model distinguishes and classifies events as collisions, indicating the accuracy of
positive predictions. Recall refers to the model’s ability to identify real collision events, a property critical for
safety-critical applications. The F1 score balances precision and recall and is calculated as their harmonic
mean. Moreover, the receiver operating characteristic (ROC) curve and the area under the curve (AUC) are
used to evaluate the model’s discriminatory power for varying threshold values. These metrics are all used to
give a comprehensive analysis of the proposed collision prediction system’s performance, reliability, and
generalization.

4.2. Datasets

Two benchmark datasets were used for the development and testing of the proposed two-stage framework,
both of which are publicly available with the titles “Vehicle Images Dataset”**' and “Internet of Vehicles
Dataset””). The image-based dataset (Vehicle Images Dataset) supports visual perception and context
extraction, while the sensor-based dataset (IoV) supports collision-risk prediction. The first is the Vehicle
Images Dataset, suitable for classifying vehicles based on visual data. The Vehicle Images Dataset contains
15,645 images distributed across seven vehicle categories, including City Car, Multi-Purpose Vehicle, Sedan,
Van, Sport Utility Vehicle, Truck, and Big Truck, providing diverse visual patterns for perception-based
feature extraction. The images vary in background, lighting, and viewpoint, providing diverse data for
training robust deep-learning models. The data is usually stored in a folder hierarchy, with each class
containing a set of labeled images, which supports supervised learning such as classification. This dataset is
commonly used to train and test CNNs for tasks such as object recognition and scene understanding in
computer vision. In Stage 1, the dataset was used to train and evaluate various pre-trained deep learning
models for vehicle classification, enabling extraction of high-level information from visual input. The second
dataset is the Internet of Vehicles Dataset, which includes structured data representing the environmental
and vehicular conditions in IoV environments. The Internet of Vehicles Dataset provides structured
vehicular and environmental attributes, including vehicle speed, inter-vehicle distance, braking status,
driver-related characteristics, and environmental/road conditions, which are used as inputs for collision risk
prediction in Stage 2. Researchers have used these datasets in intelligent transportation research to model
real driving environments and build predictive models for safety analysis and risk assessment. This dataset
was used in Stage 2 to train machine learning and meta-ensemble models for collision risk prediction in the
proposed architecture. The organized data structure enables the implementation of different classification
algorithms and evaluation of their performance across traffic scenarios.

4.3. Dataset preprocessing

A structured preprocessing pipeline was applied to the image dataset to ensure data consistency and improve
model generalization for efficient deep learning training. The data directory structure was first examined to
ensure that data files were organized by class and that all files contained the same number of data points. All
categories were grouped into separate folders by vehicle class, making them easy to label for supervised
learning.
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Figure 2. Representative sample from each category (the original vehicle samples are selected from the Vehicle Images Dataset!?¢!).
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Figure 3. Distribution of samples across different classes.

A representative sample from each category is plotted in Figure 2. This visualization shows a variety of
vehicle types, perspectives, and background conditions. This visualization is necessary to build strong
classification models. A bar chart shown in Figure 3 and a pie chart shown in Figure 4 are used to analyze the
distribution of samples across the different classes. These visualizations provide insight into class balance and
help identify potential data imbalance issues that can affect model performance.

After exploring the dataset, a structured data frame was created with the image file paths and associated
labels. The data was then split into training, validation, and test sets using stratified splitting to ensure each
set has the same class distribution. Specifically, 80% of the data was used for training, and 20% was split into
validation and test sets (10% each). This eliminate evaluation bias and avoids data leakage.
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Figure 4. Percentage distribution of samples across different classes using a pie chart.

All images are resized to a fixed size of 224 x 224 pixels with 3 color channels (RGB) for use with deep
learning models. Pixel values are rescaled to the range [0, 1] to stabilize training and speed convergence.
Besides, the training set is also augmented using data augmentation techniques to improve generalization
and prevent overfitting. Examples include random rotations, width and height shifts, shear transformations,
zoom operations, and horizontal flipping. The additional information enables simulation of a wide range of
real-world changes, including variation in orientation, scale, and perspective. Efficient data loading and
training: image generators dynamically provide data to the models in batches. The training generator
performs both rescaling and augmentation, whereas the validation and testing generators only normalize to
ensure equal evaluations. All datasets use a batch size of 32 to balance between training stability and
computational efficiency.

5. EXPERIMENTS, RESULTS, AND DISCUSSIONS

This section presents the experiments and results used to validate the effectiveness of the proposed
framework together with the corresponding discussion. The experimental analysis is structured to provide a
comprehensive evaluation across multiple dimensions.

5.1. Stage 1: image-based context extraction

To extract rich visual representations from the vehicle images, six pre-trained CNN architectures was used,
namely VGG16, VGG19, DenseNet121, DenseNet169, InceptionV3, and MobileNetV2. The models were
chosen because their complementary architectural features enable different and discriminative feature
extraction. We fine-tuned each model using transfer learning for the target vehicle classification task. Based
on these models, we propose a new ensemble architecture, the hybrid feature fusion network (HFFN).
Unlike conventional ensemble learning methods that aggregate predictions (e.g., averaging and voting), the
proposed approach uses feature-level fusion by designing an ensemble of deep representations from multiple
CNN backbones. Specifically, we loaded each pre-trained model and froze its parameters to retain the
knowledge it has learned and reduce computational complexity and overfitting. We extracted feature vectors
from the middle layers (third-to-last layer) of each network to capture high-level semantic information such
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as structural patterns and visual attributes. All 6 models’ extracted features are then concatenated to get a
high-dimensional, combined feature representation. The fused feature space represents complementary
information from various architectures, leading to a richer representation than any single architecture. To
stabilize feature distributions and improve training efficiency, batch normalization was used, and fully
connected layers learn more complex interactions among the fused features. In order to further reduce
overfitting and improve generalization, dropout regularization was added to the model. A hybrid loss
function was introduced to improve learning effectiveness by combining categorical cross-entropy loss and
focal loss. This formulation allows the model to retain overall classification performance while focusing on
class imbalance and hard-to-classify samples. The hybrid loss combines the two with weighted optimization,
balancing overall accuracy with learning difficult samples. The final classification layer uses the softmax
activation function to output the classification as one of the 7 vehicle names in the dataset. The Adam
optimizer and a controlled learning rate optimize the entire architecture for stable convergence. The
proposed HFFN model was designed as a multi-architecture feature extraction, feature-level fusion, and
hybrid loss optimization-based vehicle classification model, which is the perception stage of the overall two-
stage vehicle classification framework.

A detailed comparative study compares six individual pre-trained CNN models and the proposed HFFN
across seven vehicle classes, as shown in Table 1, in terms of precision, recall, F1 score, and accuracy. The
results show significant performance differences between architectures, highlighting the strengths and
limitations of each architecture in capturing the range of vehicle characteristics. DenseNet121 performs best
in overall accuracy (0.93) and in macro and weighted averages. Its dense connectivity enables efficient feature
propagation and reuse, achieving a good balance in classifying most vehicle categories. However,
DenseNet169 performs worse (accuracy 0.85), showing that greater depth does not necessarily improve
generalization in this task.

In a similar manner, VGG16 and VGG19 show moderate performance with accuracies of 0.90 and 0.89,
respectively. Although these models obtain high precision in some classes (big truck or truck), they have low
recall performance in more difficult classes (multipurpose vehicles), which reduces the F1 scores. The
architectural efficiency and the multi-scale feature extraction capabilities of InceptionV3 and MobileNetV2
allow them to show competitive performance with 0.91 accuracy. Both models are not consistent across some
classes, such as in terms of class-wise balance and recall. For example, the classification of multi-purpose
vehicle categories and city cars indicates that individual models may not capture subtle differences between
these classes. The proposed HFFN model outperforms all baseline models, yielding an accuracy of 0.97. This
improvement stems from combining complementary feature representations from multiple CNN
architectures. The proposed model uses feature-level fusion to learn both global and fine-grained visual
patterns, leading to better discrimination across all vehicle types. One of the interesting points is the
consistent improvement of the recall and F1 score for all classes in the proposed model. The Multi-Purpose
Vehicle category, which was hard for the individual models, is balanced with good precision and recall (0.94),
thus showing better reliability in classification. Likewise, the fused feature representation is also strong in
categories like Big Truck, Truck, and Van, with near-perfect performance.

The training and validation accuracy and loss curves of all CNN models and the proposed HFFN are
presented in Figures 5-11. These plots offer valuable insights into the convergence behavior, learning
stability, and generalization capabilities of various models. Both baseline models (VGG16 and VGG19) show
stable learning curves, with both training and validation accuracy increasing smoothly and loss decreasing
smoothly with a corresponding curve. The gap between the training and validation curves is relatively small,
suggesting good generalization and limited overfitting. However, their convergence is slower than that of
more advanced architectures because their feature-extraction mechanisms are comparatively simpler. The
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Table 1. Comparative performance analysis of base models and proposed HFFN

Classes
Models Metrics Multi-purpose Sport Macro Weighted
Big truck City car . Sedan utility Truck Van 3averase average
vehicle R
vehicle

Precision 1.00 0.79 0.98 0.93 0.90 1.00 0.99 0.94 0.91

Recall 0.98 0.98 0.53 0.95 0.96 0.99 098 0091 0.90
VGGI6

Fl-score  0.99 0.88 0.69 094 093 1.00 0.98 0.91 0.89

Accuracy 0.90

Precision 0.95 0.94 0.71 0.92 0.90 1.00 0.96 0.91 0.90

Recall 0.98 0.78 0.92 090 0091 0.97 098 0.92 0.89
VGG19

Fl-score  0.97 0.85 0.80 0.91 0.90 0.98 097 091 0.89

Accuracy 0.89

Precision 0.97 0.91 0.89 0.92 0.92 1.00 0.97 0.94 0.93

Recall 0.98 0.91 0.86 0.95 0.95 097 096 0.94 0.93
DenseNet121

Fl-score  0.97 0.91 0.88 0.93 0.93 098 097 094 0.93

Accuracy 0.93

Precision 0.98 0.81 0.75 0.84 084 0.98 096 0.88 0.85

Recall 0.98 0.83 0.69 090 0.81 0.99 095 0.88 0.85
DenseNet169

Fl-score  0.98 0.82 0.72 0.87 0.82 0.99 096 0.88 0.85

Accuracy 0.85

Precision 0.98 0.94 0.77 0.92 0.89 1.00 0.98 0.93 0.91

Recall 1.00 0.83 0.90 0.92 0.92 0.99 099 094 0.91
InceptionV3

Fl-score  0.99 0.88 0.83 0.92 0.91 1.00 0.99 0.93 0.91

Accuracy 0.91

Precision 0.94 0.86 0.84 0.92 0.94 1.00 100 0.93 0.91

Recall 1.00 0.92 0.86 0.87 0.90 095 095 0.92 0.91
MobileNetV2

Fl-score  0.97 0.89 0.85 090 092 0.97 097 092 0.91

Accuracy 0.91

Precision 1.00 0.97 0.94 0.97 0.97 1.00 100 0.98 0.97

Recall 1.00 0.96 0.94 0.99 0.96 1.00 0.99 0.98 0.97
HFFN

Fl-score  1.00 0.97 0.94 0.98 0.96 1.00 0.99 0.98 0.97

Accuracy 0.97

HFFN: Hybrid feature fusion network.

training and validation curves on DenseNet121 are very similar, indicating the network’s ability to converge
quickly and maintain stable performance. This behavior may be explained by its high connectivity, which
provides better feature reusability and gradient flow. DenseNet169 [Figure 8] shows slightly larger variations
in validation loss, suggesting that deeper networks can be less stable and more prone to overfitting. The
training and validation curves are both smooth and show little divergence, indicating that InceptionV3
effectively extracts multi-scale features. Likewise, MobileNetV2’s lightweight architecture enables fast
convergence and efficient learning. However, small variations in validation loss suggest sensitivity of the data
to variability and augmentation. The proposed HFFN model is better in terms of training behavior than all
the individual models. It provides better convergence, higher accuracy, and much lower loss values with a
minimal difference between the training and validation curves. This means that the generalization capability
is high and the learning of the discriminative features is effective. The accuracy curve remains stable, and the
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Figure 5. Model accuracy vs. model loss (VGG16).

loss curve also stabilizes, indicating that the model effectively prevents overfitting by incorporating feature-
level fusion and regularization methods. The HFFN model is able to converge to a higher level of accuracy in
a more consistent way than individual architectures, suggesting the advantage of fitting together
complementary feature representations.

The confusion matrices of all individual CNN models and the proposed HFFN are shown in Figures 12-18 to
provide detailed knowledge of the prediction performance in the various classes and the misclassification
pattern. The baseline models show different levels of misclassification between closely related vehicle classes.
For VGG16 and VGG19, misclassification occurs between city car and multi-purpose vehicle, and between
sedan and sport utility vehicle. Some of these errors stem from the fact that these architectures cannot
sufficiently represent overlapping visual attributes such as size, shape, or structural similarity. Furthermore,
the relatively high misclassification rate for multi-purpose vehicles suggests challenges in distinguishing
vehicles with various medium-sized characteristics. DenseNet121 shows higher class-wise discrimination,
with less confusion across most classes. A low misclassification rate between city cars and multi-purpose
vehicles still exists, even with improved feature propagation, indicating similarities between these two classes
that remain difficult to classify. Although DenseNet169 performs well in several categories, the deeper
network also exhibits greater confusion, especially for the City Car, Sedan, and Multi-Purpose Vehicle
categories, suggesting that increasing network depth will not yield additional gains in discriminative power.
InceptionV3 and MobileNetV2 perform relatively well and show better class separation, although some
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Figure 6. Model accuracy vs. model loss (VGG19).

confusion remains among visually similar vehicle categories. The results emphasize the need for using
multiple architectures to obtain a fuller representation of complex visual patterns in every class. The
proposed HFFN model shows a substantial decrease in misclassification in all of the categories. The
confusion matrix is predominantly diagonal with few cross-class errors, demonstrating high accuracy in
predictions. In particular, there is a significant improvement in the classification accuracy for the previously
difficult categories, multi-purpose vehicle and city car, proving that nuanced visual differences are
successfully captured by the feature-level fusion. Likewise, excellent classification results are obtained for the
categories of Big Truck, Truck, and Van, showing good performance both on larger vehicles and in the more
structurally different classes.

Figures 19 and 20 show the ROC curve and precision-recall (PR) curve, respectively, for the proposed HFFN,
detailing the evaluation of the classification performance for all vehicle categories. The ROCs show that the
HFFN model has good discriminatory performance, with all class-wise ROC curves converging toward the
top-left corner of the graph. Near-perfect separability (AUC = 1.00) is achieved by the near-perfect
performances by the class with the largest object, Big Truck, and by the classes Truck and Van, for which the
AUC values are consistently high. Likewise, sedans (AUC = 0.98) and sport utility vehicles (AUC = 0.97)
yield strong results, showing that the model can effectively capture both structural and contextual features.
For City Car (AUC = 0.95) and Multi-Purpose Vehicle (AUC = 0.93), the AUC values are slightly lower,
indicating there is a moderate overlapping feature space, as these vehicles are visually similar. Overall, the
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Figure 7. Model accuracy vs. model loss (DenseNet121).

ROC performance indicates that the HFFN model is robust and highly sensitive. The PR curves further
validate the proposed model’s effectiveness, especially with imbalanced classes. Truck and Van achieve high
precision across most of the recall range [e.g., average precision (AP) = ~0.99], with near-perfect
performance in most cases. At a higher recall level (AP = 0.98), Big Truck is able to perform quite well. The
performance of the multi-purpose vehicle is comparatively low (AP = 0.76), and its precision decreases
gradually with the increase of recall; this class has a relatively high similarity with other vehicle types, and
this is very common in classification problems. City Car and Sport Utility Vehicle show moderate
performance (AP = 0.89), with a typical PR trade-off.

Explainable artificial intelligence (XAI) methodologies, such as gradient-weighted class activation mapping
(Grad-CAM) and LIME, improve the interpretability and transparency of the proposed HFFN. These
techniques provide visual and feature-level insights into the model’s decision processes, improving
understanding of how predictions are made. Grad-CAM identifies the most influential regions in an image
that a model uses to make its prediction.

In this work, the DenseNet121 architecture is used, leveraging the feature maps of the last convolutional
layer and gradient information to create class-specific heatmaps. These heatmaps represent areas that are
most important for determining the predicted class. For the Sedan class, which has a high confidence score
of 87.40%, as seen in Figure 21, the model’s attention is directed mainly towards the structure and central
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Figure 8. Model accuracy vs. model loss (DenseNet169).

body of the vehicle. The highlighted region closely matches the actual region of interest, indicating that the
model learns meaningful spatial features rather than irrelevant background information.

Similarly, Figure 22 shows another example of the model achieving an excellent confidence level of 99.68%
when predicting a Big Truck. The Grad-CAM visualization shows a strong focus on the truck’s front
structure and cabin, highlighting the model’s ability to identify distinct characteristics like shape and size.
The bounding region created from the heatmap further confirms that the model attends to the region of
interest associated with the vehicle object, which supports the reliability of the classification.

In addition to Grad-CAM, LIME provides model-agnostic explanations that highlight important superpixels
affecting predictions. LIME perturbs input regions and observes changes in prediction to identify important
areas, while Grad-CAM is based on deep feature activations. The LIME explanation shows the most
important parts of the car that are classified as “good” [Figure 23].

The selected superpixels capture structural boundaries and salient visual features of the vehicle, further
supporting the model’s ability to predict based on relevant features. Grad-CAM together with LIME allows
for complementary interpretability. Unlike Grad-CAM, which explains attention at the convolutional-layer
level, LIME can explain at the pixel or region level and is more interpretable to humans. The high inter-
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Figure 9. Model accuracy vs. model loss (InceptionV3).

method consistency shows that the proposed model of HFFN is making decisions based on the semantically
meaningful features of text and not noise or background artifacts.

A robustness analysis subjects the proposed HFEN to controlled perturbations to the input images, such as
Gaussian noise, image blurring, and image rotation, to assess the network’s robustness in real-world
situations. The transformations model real-life problems like noise in the sensors, motion blur, and changes
of viewpoint usually faced in ITS. In the original image, the prototype classification of City Car is correctly
classified as a city car with a high confidence level of 98.42%, as shown in Figure 24, indicating strong
baseline performance. With the addition of Gaussian noise, the model incorrectly classifies the image as a
sport utility vehicle, with a lower confidence of 73.35%. This degradation reveals the model’s sensitivity to
high-frequency noise, which can cause errors in fine-grained visual features and misclassification, especially
between visually similar classes. If the image is blurred, the model still predicts the class with 90.14%
confidence, though slightly lower. This suggests the overall vehicle structure remains recognizable even when
fine details are missing, explaining the model’s robustness to low-frequency distortions. Likewise, the model
preserves the correct classification with 96.38% confidence under the rotation transformation, indicating
good tolerance to this geometric perturbation in the evaluated example. The results indicate that the
perception model demonstrates good tolerance to blur and rotation in the evaluated example, whereas
Gaussian noise causes a notable degradation and incorrect classification. These findings suggest that the
model has robustness to some perturbations but remains sensitive to high-frequency noise.
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Figure 10. Model accuracy vs. model loss (MobileNetV2).

5.2. Stage 2: loV-based collision risk prediction

For collision risk prediction in an IoV environment, a stacked ensemble learning scheme uses four machine
learning models stacked in a hierarchical prediction architecture. A novel architecture, hybrid stacked
ensemble architecture for collision prediction (HSEA-CP), was designed to improve prediction accuracy by
combining the complementary strengths of multiple base learners. The first step in pre-processing the IoV
data was to normalize the column names, then replace missing values and convert categorical data into
numerical values using one-hot encoding. The target variable (collision occurrence) was coded in binary
format. The data were then split into training and test sets using a stratified split to maintain the class
distribution and allow for unbiased evaluation. The first layer of the proposed architecture uses four
heterogeneous base models: LR, SVM, MLP, and XGB. The models complement each other in their learning
capabilities, from linear modeling (LR) and margin-based classification (SVM) to nonlinear representation
learning (MLP) and gradient boosting (XGB). All models are trained independently based on each particular
IoV feature, including vehicle velocity, inter-vehicle distance, braking capability, driver status, environmental
conditions, and road characteristics. Feature alignment based on the pre-defined feature column sets, and
scaling, when necessary, were performed to ensure consistency across the models. Each base model outputs
collision likelihoods. Each probability score is a meta-parameter that represents the confidence of each base
learner in its prediction. Besides these meta-features, the original feature set of IoV is concatenated to create
an enriched feature representation. The stacking framework uses an independent training-testing protocol
where the data is first split into independent training and testing sets. For the Stage 2 comparative
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Figure 14. Confusion matrix (DenseNet121).

evaluation reported in Table 2, the base learners were trained and evaluated within the Stage 2 collision-
prediction configuration. Their prediction probabilities are then fused with the enhanced feature set to form
the meta-feature space, which is then fed into the random forest meta-classifier. In the model evaluation
phase, the test subset is never used in any part of the training process, from feature augmentation to base-
model learning to meta-classifier training. This evaluation protocol guarantees that the reported
performance is based on unseen data and provides an accurate measure of the predictive ability of the
framework. The hybrid architecture allows for a second-level model to leverage raw sensor information
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Figure 16. Confusion matrix (InceptionV3).

and learned predictive signals from base models. Finally, a meta-classifier is trained using a random forest
algorithm with the combined feature vector. The meta-model balances the classes and sets the model
depth to ensure generalization and combat class imbalance. During the testing phase, the trained
base learners generate prediction probabilities for the unseen test samples, which are concatenated with
the corresponding augmented IoV features and provided as input to the trained random forest meta-
classifier for final collision risk prediction. This multi-level hierarchical architecture captures complex
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Figure 17. Confusion matrix (MobileNetV2).
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Figure 18. Confusion matrix (HFFN). HFFN: Hybrid feature fusion network.

relationships in the data while overcoming the limitations of any single model. The proposed HSEA-CP is
hence a strong and scalable approach for collision risk prediction for IoV environments.

A detailed performance comparison of individual base models such as XGB, LR, SVM, and MLP with the
proposed HSEA-CP is shown in Table 2. The evaluation process is performed in terms of precision, recall,
F1-score, and accuracy. Results show that individual base models perform inconsistently across evaluation
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Figure 19. ROC curve for proposed HFFN. ROC: Receiver operating characteristic; HFFN: hybrid feature fusion network; AUC: area under
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Figure 20. PR curve for proposed HFFN. PR: Precision—recall; HFFN: hybrid feature fusion network; AP: average precision.

measures, though generally well. The LR, SVM, and XGB models have relatively high precision values for
both classes, with the Collision class having perfect precision (1.0000) for the LR and SVM models. Though
these models have low recall, especially in the No Collision class, which has the lowest recall (0.5765) among
all models compared, XGB has this class value in a comparatively low range. This imbalance indicates that
although base models are confident in their predictions, they do not necessarily include all instances,
resulting in lower sensitivity. The MLP model shows relatively balanced precision and recall; however, it is
not always the best performer compared with the others. Although its F1-scores are still moderate,
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Original Image Grad-CAM Overlay

Figure 21. Grad-CAM visualization for sedan classification highlighting model attention regions (The original vehicle samples are selected
from the Vehicle Images Dataset?). Grad-CAM: Gradient-weighted class activation mapping.

Big Truck

Original Image Grad-CAM Overlay 99.68%

Figure 22. Grad-CAM visualization for big truck classification demonstrating high-confidence feature localization (The original vehicle
samples are selected from the Vehicle Images Dataset). Grad-CAM: Gradient-weighted class activation mapping.

Prediction: Big Truck
Confidence: 1.00

LIME Explanation

Figure 23. LIME-based explanation highlighting key superpixel regions influencing model prediction for big truck classification (The
original vehicle samples are selected from the Vehicle Images Dataset™®). LIME: Local interpretable model-agnostic explanations.

suggesting that its ability to balance false positive and false negative rates is mediocre. These observations
show that individual model performance is not consistent across all evaluation metrics and classes. The
proposed HSEA-CP achieves an accuracy of 0.9847, with macro-averaged precision, recall, and F1-score of
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City Car (90.14%) City Car (96.38%)

Figure 24. Robustness analysis of the proposed HFFN architecture under noise, blur, and rotation transformations (The original vehicle
samples are selected from the Vehicle Images Dataset?®?). HFFN: Hybrid feature fusion network.

0.9784, 0.9884, and 0.9831, respectively. Its weighted precision, recall, and F1-score are 0.9853, 0.9847, and
0.9847, respectively. Because HSEA-CP uses a hybrid stacking mechanism based on the probabilistic outputs
of several base learners and the original IoV features, it achieves improved performance. This integration
allows the model to learn the underlying relationships between the features as well as each model’s
confidence level, leading to improved decision-making.

The confusion matrices of individual base models (XGB, LR, SVM, and MLP) and the proposed HSEA-CP
are shown in Figures 25-29. The following matrices show a detailed, class-wise assessment of prediction
performance and the number of each type of prediction made. The XGB model performs well at identifying
collision instances, with a high number of true positives. However, it has a high false positive rate,
misclassifying “no collision” as “collision”. This indicates a bias toward predicting collisions, which can lead
to unnecessary alerts in practice. In LR, no-collision instances are correctly classified, but false negatives are
relatively high; that is, actual collision cases are classified as no collision. This suggests the model might be
conservative in predicting collisions but may not capture critical risk scenarios, limiting its usefulness in
safety-critical situations. Likewise, the SVM correctly classifies no-collision instances but misclassifies many
collision instances. This imbalance indicates limited ability to handle more complex nonlinear relationships
in IoV data and, therefore, low sensitivity towards collisions.

The MLP model has balanced performance with better detection of collision cases than LR and SVM models.
However, it has a moderate number of false positives and false negatives, suggesting that predictive
performance is affected by data variation and feature complexity. By contrast, the proposed HSEA-CP model
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Figure 25. Confusion matrix (XGB). XGB: XGBoost.
Table 2. Comparative performance analysis of base models and proposed HSEA-CP
Classes
Models Metrics Macro average Weighted average
No collision Collision
Precision 0.9999 0.8215 0.9107 0.8820
Recall 0.5765 1.0000 0.7882 0.8564
XGB
F1-score 0.7314 0.9020 0.8167 0.8441
Accuracy 0.8564
Precision 0.8484 1.0000 0.9242 0.9486
Recall 1.0000 0.9083 0.9542 0.9394
LR
F1-score 0.9180 0.9520 0.9350 0.9404
Accuracy 0.9394
Precision 0.8482 1.0000 0.9241 0.9485
Recall 1.0000 0.9082 0.9541 0.9393
SVM
F1-score 0.9179 0.9519 0.9349 0.9404
Accuracy 0.9393
Precision 0.8782 0.9391 0.9087 0.9185
Recall 0.8816 0.9373 0.9095 0.9184
MLP
F1-score 0.8799 0.9382 0.9091 0.9185
Accuracy 0.9184
Precision 0.9567 1.0000 0.9784 0.9853
Recall 1.0000 0.9768 0.9884 0.9847
HSEA-CP
F1-score 0.9779 0.9883 0.9831 0.9847
Accuracy 0.9847

HSEA-CP: Hybrid stacked ensemble architecture for collision prediction; XGB: XGBoost; LR: logistic regression; SVM: support vector machine; MLP:
multi-layer perceptron.
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Figure 26. Confusion matrix (LR). LR: Logistic regression.
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Figure 27. Confusion matrix (SVM). SVM: Support vector machine.

shows a much better balance between the two classes. It has achieved a high rate of true positives and true
negatives and significantly lowered the false positive and false negative rates. This balanced classification
shows that the model captures the underlying patterns in the data and reduces the bias seen in individual
models. The reduction in false negatives is especially important in collision prediction, where missing a
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Figure 28. Confusion matrix (MLP). MLP: Multi-layer perceptron.
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Figure 29. Confusion matrix (HSEA-CP). HSEA-CP: Hybrid stacked ensemble architecture for collision prediction.

collision event can have serious consequences. Meanwhile, the limited number of false positives prevents
false alarms from being over-emitted. HSEA-CP performs better because its hybrid stacking procedure
combines complementary predictions from different base models with original feature information.
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Figure 30. SHAP-based local explanation of HSEA-CP. SHAP: SHapley Additive exPlanations; HSEA-CP: hybrid stacked ensemble
architecture for collision prediction; XGB: XGBoost; SVM: support vector machine; LR: logistic regression; MLP: multi-layer perceptron.

SHAP measure each feature’s contribution to the model’s prediction and enhance the interpretability of the
proposed HSEA-CP. SHAP is a theoretically informed method for understanding complex models by
quantifying each feature’s contribution to the prediction. Figure 30 shows a local explanation for a sample
test instance in which the model predicts the collision event with high accuracy (P = 0.997). The prediction
starts at the baseline value of E[f(X)] = 0.5, and as the features increase, the output moves toward the final
prediction. The analysis shows that the most influential contributing factors are the probabilistic outputs of
the base models XGB, SVM, LR, and the MLP model. Among these, XGB contributes the most (+0.13),
followed by SVM (+0.12), while LR and MLP each contribute +0.10. The stacking mechanism clearly exploits
the predictive power of the base models, making them the main drivers of the final classification. Besides
these meta-features, the original IoV features, including distance (+0.02), driver status (+0.01), number of
lanes (+0.01), and braking capability (+0.01), also contribute positively to the prediction. These features
provide context about driving conditions and interactions with vehicles. Other characteristics, such as
velocity or environment, show very small or slightly negative contributions, suggesting they have little to no
influence in this prediction case. The waterfall visualization shows how individual contributions can
collectively move the prediction from the baseline towards a high-confidence collision outcome. It is a
layered contribution pattern that shows the effectiveness of integrating meta-features with the raw IoV
features in the same architecture.

5.3. Cross-stage feature alignment

The proposed two-stage design links visual perception (Stage 1) and IoV-based risk prediction (Stage 2), with
image-derived features added to the collision prediction pipeline. The image classification model is
converted into structured outputs and added to the IoV dataset, enabling a common learning framework to
integrate visual and sensor data. The deep learning model produces class probabilities and confidence scores
for each input image, which are added to the IoV dataset as additional features such as the predicted class
label, confidence value, and complete probability distribution. This process adds visual context to the
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Table 3. Feature importance ranking for collision prediction

Rank Feature Importance
1 Status of driver 0.4485
2 Number of lanes 0.2227
3 Distance between vehicles 0.1508
4 Braking capability 0.0850
5 Nature of environment 0.0764
6 img_prob_3 0.0028
7 img_confidence 0.0028

original dataset, making it more representative of real driving situations and improving the input-space
representation capability. The extended dataset is then used in the proposed HSEA-CP, where features
derived from the IoV and image are combined. These enriched features, along with probabilistic outputs
from several base models, are combined in the stacking mechanism, allowing the meta-classifier to learn
complex interactions between the visual context and the dynamics of the vehicles.

To specifically evaluate the effect of cross-stage feature alignment, an additional experiment was conducted
by integrating the image-derived features with the structured IoV features. In this cross-stage integrated
configuration, HSEA-CP achieved an accuracy of 0.9808. For the Collision class, the model achieved a
precision of 0.9985, recall of 0.9721, and F1-score of 0.9851, while the corresponding values for the No
Collision class were 0.9500, 0.9972, and 0.9730, respectively. The model also achieved macro-averaged
precision, recall, and F1-score of 0.9742, 0.9847, and 0.9791, respectively, with weighted averages of 0.9817,
0.9808, and 0.9809. These results represent the cross-stage feature alignment experiment and differ from the
primary Stage 2 comparative results reported in Table 2. Integrating visual information provides
complementary context to the IoV features and supports reliable prediction, particularly for collision events
predicted with high confidence. Furthermore, feature importance analysis shows that features derived from
the image are also useful for making the final prediction, which indicates that visual features are not simply
redundant to other attributes of an IoV, velocity, distance, and driver status, but instead provide
complementary information. The contribution analysis also shows that image-based and IoV features both
play a significant role in the decision-making process, highlighting the effectiveness of multimodal fusion.
System-wise, this is a cross-stage integration, connecting the perception with the decision-making layer in
cyber-physical vehicle systems. The proposed framework can include visual intelligence in prediction models
based on IoV, which allows for more realistic and context-aware collision risk assessment. In dynamic,
changing environments, visual factors (including scene context and vehicle characteristics) are especially
important for perceiving risk.

The top features that affect the prediction of collision risk in the proposed HSEA-CP are shown in Table 3.
The results show that IoV-related features play a major role in the prediction process. Among these, driver
status is the most important, accounting for almost half of the overall importance (0.4485). This emphasizes
the importance of human behavior in collision risk. The number of lanes (0.2227) and vehicle distance
(0.1508) also significantly influence accidents, highlighting the importance of traffic density and the space
between vehicles in accident conditions. The impact of vehicle dynamics and environmental conditions is
further underscored by additional IoV characteristics like braking capability (0.0850) and nature of
environment (0.0764). These findings align with real transportation systems: driver-related and
environmental factors affect safety outcomes. Interestingly, other image-derived features like img_prob_3
and img_confidence also appear among the top features, although their importance values are lower. Their
presence in the top ranks also suggests that visual information plays a role in the decision-making process
and helps make integrating image-based insights into the IoV prediction framework successful.
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Table 4. Analysis of visual feature contributions

Rank Feature Importance
1 img_prob_3 0.0028
2 img_confidence 0.0028
3 img_prob_4 0.0024
4 img_prob_5 0.0013
5 img_prob_1 0.0012
6 img_prob_6 0.0012
7 img_prob_2 0.0010
8 img_prob_0 0.0008
9 vehicle_class 0.0007

Table 4 shows a detailed analysis of the contributions of image-derived features in the proposed HSEA-CP
architecture. These results indicate that all the image features together have a smaller contribution than IoV
features; the most significant image features are img_prob_3 and img_confidence. These features reflect the
model’s confidence and the image classification probability distribution, suggesting that certain image
patterns are important for predicting collision risk. The remaining image probability features (img_prob_4,
img_prob_s, img_prob_1) contribute moderately but consistently, indicating that several visual cues work
together during prediction. The relatively small size of the vehicle class indicates that, relative to the
probabilistic representation of the class, which includes uncertainty and more contextual information, the
raw class labels are less informative. The combined effects of the individual image features are meaningful,
but the contribution is small. These features provide additional contextual information that supplements the
IoV data, especially when IoV alone is insufficient to capture the environment’s complexity. This shows that
the proposed approach successfully integrates multimodal features: using image-derived features improves
the model’s contextual awareness without dominating the effect of IoV-derived features.

The proposed framework does not rely on naturally synchronized image and IoV observations collected
from the same driving events. Instead, multimodal integration is realized through a cross-stage semantic
feature transfer mechanism. The HFFN maps each vehicle image to a structured semantic descriptor
consisting of the inferred vehicle class, a confidence score, and a full probability distribution over all vehicle
classes. The method then incorporates these image-derived representations into the IoV dataset as additional
explanatory variables through a structured feature augmentation process before training the collision
prediction model. Thus, the proposed HSEA-CP leverages structured vehicular features and high-level visual
context in the same learning space. This design is understood as a cross-modal semantic feature integration
strategy rather than a direct end-to-end multimodal learning framework based on naturally paired
multimodal datasets. The experimental results show that including transferred visual semantics provides
complementary contextual information to the original IoV feature space and improves collision risk
prediction.

The results show that the proposed two-stage visual perception and IoV-based analytics approach improves
collision risk prediction. The first stage, which is based on deep learning, utilizes feature-level fusion of
various CNN architectures to obtain high classification performance, and visual patterns are extracted from
vehicle images with high capability. The second stage is a stacked ensemble architecture in which several
machine learning models learn collision risk from IoV features to predict it accurately. The results show that
each stage performs well overall: the perception stage provides accurate visual representations, while the
prediction stage achieves high accuracy and balanced performance across evaluation metrics. More
importantly, cross-stage integration provides a meaningful link between visual data and IoV data, allowing
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multimodal feature integration in the unified prediction framework. The proposed approach introduces
image-derived features into the IoV dataset, adding contextual information and improving prediction
accuracy and reliability. While IoV features are the primary contributors, visual data also provides
complementary information that helps inform model decisions, especially in complex scenarios. This
research shows that the fusion of perception and decision-making layers can result in a more complete,
accurate, and actionable collision prediction system, further supporting the system’s potential applications in
intelligent transportation and cyber-physical vehicle systems.

The computational cost of the proposed framework relies on the six CNN models in the perception phase.
The LR, SVM, MLP, XGB, and random forest models in the prediction phase have relatively small
computational requirements. CNN models are trained with pre-trained weights for inference and can run
independently with parallel processing to reduce perception latency. Modular design also enables the use of
lightweight CNN architectures or model-compression techniques where computational resources are
limited. Thus, the framework can predict collision risk quickly in near real time by deploying appropriate
edge and/or vehicular computing platforms that support GPUs. However, the real-time performance
achieved depends on the capabilities of the hardware, image processing time, communication delay, sensor
acquisition rate, and computational resources on the vehicle / edge node. The current study evaluates the
framework on benchmark datasets; however, it does not include physical deployment or dedicated hardware
latency measurements. Future work will explore such real-world validation, including an inference-time
benchmark and implementation on edge devices, model compression, and optimization for resource-
constrained vehicular platforms.

6. CONCLUSION

This study proposed a two-stage, context-aware meta-ensemble approach to collision risk prediction in the
IoV context, combining image-based perception with IoV-driven predictive analytics in a CPS paradigm.
The proposed method effectively bridges this perception-to-decision gap by combining deep learning-based
visual feature extraction with a stacked ensemble learning strategy. Experimental results show that the
feature fusion-based perception module achieves the best classification performance, and the hybrid stacked
ensemble architecture greatly improves collision-prediction accuracy compared with the individual baseline
models. Mixing heterogeneous base learners (LR, SVM, MLP, and XGB) with a random forest meta-learner
allows the model to learn complex nonlinear relationships and improve its generalization ability.
Furthermore, cross-stage integration of image-derived features with the oV dataset adds contextual
information, increasing robustness and predictive confidence. The study also shows that IoV features are the
most dominant for prediction, while image-based features act as auxiliary features that enhance the decision-
making process. The robustness analysis indicates that the perception module maintains correct predictions
under blur and rotation in the evaluated example, while Gaussian noise causes noticeable degradation and
misclassification, highlighting the model’s sensitivity to high-frequency perturbations. Furthermore, the
embedded explainable AT methods increase the interpretability and trust of the proposed system, crucial for
safety-related applications. The proposed framework could be a scalable and effective solution to collision
risk prediction in intelligent transportation systems. It plays a key role in advancing road safety by
supporting enhanced, context- and situation-aware decision-making in connected vehicle environments.
Future research could consider real-time deployment, integration with edge-computing infrastructure, and
incorporating other data sources, including temporal sequences and traffic flow information, to further
improve system performance.

The proposed framework can be extended to real-time deployment by introducing edge and fog computing
to support low-latency decision-making for IoV applications. Moreover, integrating temporal information
such as video sequences and trajectory data can further improve prediction by capturing the dynamic aspects
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of traffic. The next step is to combine other contextual data, such as data about weather conditions and
traffic flow analysis, to get a better picture of the situation. The framework will be optimized for lightweight
implementation and scalability to support its use in large-scale cyber-physical intelligent transportation
systems.
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