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Abstract: In this article, we propose a machine learning based fine-grained vehicle classification method Vehi-
ClassNet, which effectively solves the challenges of precise vehicle recognition and classification in intelligent
transportation systems by combining multi-scale feature extraction, cross modal fusion, and attention mechanisms.
Our model demonstrated excellent performance on the Stanford Cars-196 dataset. The innovation of this study
lies in its advanced multi-scale feature extraction, cross modal fusion, and attention mechanism. It not only
improves classification accuracy, but also lays the foundation for further research on intelligent transportation

systems and autonomous vehicle technology.

Keywords: deep reinforcement learning; speed planning; reward function; fine grained classification; intelligent

transportation system

1. Introduction

Intelligent transportation systems have emerged recently. Accurate identification and classification
of vehicles, including but not limited to traffic monitoring, law enforcement and auto drive system, are
very important. Although traditional methods are effective, they often struggle to cope with complex
backgrounds and changing vehicle directions [2,9,10,21]. The ability of RREN to efficiently extract
individual vehicle images from complex backgrounds significantly improves the accuracy and speed
of the vehicle detection process.

On the basis of an effective vehicle detection model, the task of fine-grained vehicle classification
further challenges the ability of deep learning networks [20]. Double layer deep Q-network (DTDQN)
is a novel method that can refine decision processes in complex high-dimensional state spaces. By
reducing overestimation of Q values and enhancing the stability of the learning process, DTDQN has
shown significant improvement in the accuracy of vehicle classification tasks.

This article introduces a comprehensive study that proposes a new model to address the complex
requirements of intelligent transportation systems. In addition, we conducted in-depth research on the
system evaluation of recent deep learning architectures and explored their applicability to fine-grained
vehicle classification tasks [4,11]. Through extensive experimentation and analysis, we have established
new benchmarks and provided insights, paving the way for future research and development in this
dynamic field.

Firstly, the paper introduces the development background of intelligent transportation systems
and the importance of vehicle detection and classification. Subsequently, the relevant work section
reviewed the methods based on deep learning, which have become research hotspots [3,13,17]. In the
model construction section, this article introduces the Vector Field Histogram (VFH) algorithm, which is
anovel method used to enhance the navigation and obstacle avoidance capabilities of unmanned aerial
vehicles. In addition, a new deep learning architecture called VehiClassNet has been proposed, which
integrates convolutional neural networks (CNN), attention mechanisms, and spatial pyramid pooling
to achieve the highest accuracy in fine-grained vehicle classification tasks. In the experimental section, a
detailed introduction was given to the experimental setup of VehiClassNet, including the dataset used,
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evaluation metrics, experimental process, and hyperparameter configuration [12,29,33,34]. Finally,
the paper discusses the experimental results, demonstrating the effectiveness of the VehiClassNet
model in fine-grained vehicle classification tasks, and points out the direction of future work, including
expanding the diversity and complexity of the dataset, as well as exploring the deployment and
optimization of the model in practical applications.

The following chapters will further discuss the methods, experimental settings, results and the
broader significance of our findings in the field of smart cities and autonomous vehicle technology.

2. Related Works

The development of Intelligent Transportation Systems (ITS) has put forward higher requirements
for vehicle detection and fine-grained classification technology. The following is a literature review
related to this study:

In the field of vehicle detection and classification, deep learning based methods have become a
research hotspot. Yu et al. (2017) proposed a deep learning model that includes vehicle detection and
fine-grained classification. The model uses Faster R-CNN for vehicle detection and combines CNN
and joint Bayesian networks for classification. At the same time, a network collaborative annotation
mechanism is proposed to build a large-scale database [24].

Shen and Zou developed a local navigation system for unmanned vehicles using Deep Q-Network
(DON) and its extended Double Deep Q-Network (DDQN). The system effectively enhances the
navigation ability of unmanned vehicles in obstacle environments by improving the reward function
and obstacle angle determination method [8].

Najeeb et al. explored the challenges of fine-grained vehicle classification in complex urban traffic
scenes and proposed a method based on deep learning. They prepared the THS-10 dataset for the local
environment and analyzed two classification methods: fine-tuning CNN and extracting features from
different layers of CNN [15].

The model proposed in this article aims to handle complex traffic scenes, including vehicle
detection models and fine-grained detection and classification models based on deep learning [5,7,14].

3. Innovation Points

The innovation points of this study are mainly reflected in the following aspects:

1. Multi-scale feature extraction: VehiClassNet extracts features of different scales through CNN
layers, which helps the model capture micro and macro features in vehicle images.

2. Cross-modal fusion: The model integrates features from different sources, such as color, texture,
and depth information (if available), to create a comprehensive feature representation.

3. Attention mechanism: The introduced soft attention mechanism enables the model to adaptively
focus on discriminative parts in vehicle images, such as the manufacturing logo and model-
specific features of the vehicle.

4. Spatial pyramid pooling: The application of the SPP module enables the model to process images
of different sizes, improving its adaptability to input changes.

5. Fine-grained classification deep learning architecture: VehiClassNet combines all the above
technologies to form an advanced deep learning architecture, specifically optimized for fine-
grained vehicle classification tasks.

4. Model Building

4.1. VFH Algorithm

The VFH algorithm is a new method to enhance obstacle avoidance capability. The VFH algorithm
utilizes the spatial distribution of obstacles to create a histogram representation of the vehicle’s
surrounding environment. These graphs are then used to determine the optimal navigation path.
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The local environment of a vehicle can be represented by a set of vectors derived from the
vehicle’s position. Each vector represents the direction in which the vehicle may move. The strength
and direction of these vectors will be affected by the presence of obstacles.

Figure 1 shows the workflow of the Vector Field Histogram (VFH) algorithm, including how to
create vector fields, obstacle mapping, histogram construction, and navigation decisions.
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Figure 1. VFH algorithm navigation decision diagram.

Let V be the set of all vectors emanating from the vehicle’s position, where each vector v; € V' is
defined as:

vi = (X3, Y1) (1)

Here, x; and y; represent the components of the vector v; in the respective axes of the vehicle’s
local coordinate system.
The algorithm involves the following steps:

1. Vector Field Creation: Generate a discrete set of vectors V within the vehicle’s field of view,
where each vector corresponds to a discrete angular step.

2. Obstacle Mapping: For each vector v;, calculate the distance d; to the nearest obstacle. If no
obstacle is present in the direction of v;, d; is set to a maximum value dy.

3. Histogram Building: Construct a histogram H where each bin corresponds to a vector in V. The
height of the bin is proportional to =41/

of the histogram to obstacle distances.

, where ¢ is a scaling factor that controls the sensitivity
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4. Navigation Decision: The histogram H is analyzed to identify directions with the lowest obstacle
density. The vehicle’s next movement is chosen as the direction corresponding to the bin with
the highest value in H.

The update rule for the histogram H is given by:

d?

H(j) = max(H(j),e %) 2

Where j indexes the bins of the histogram, and d jis the distance to the nearest obstacle in the
direction of the j-th vector.

The VFH algorithm seeks to balance the vehicle’s need to avoid obstacles with its goal to navigate
efficiently through its environment. By considering the spatial distribution of obstacles, the VFH algo-
rithm enables the vehicle to make informed decisions that minimize the need for frequent decelerations
and maintain optimal speed planning.

The pseudo-code for the VFH algorithm is as follows:

function VFH(V, A):
Initialize histogram H with zero values
for each vector v_i in V:
d_i = distance_to_obstacle(v_i)

j = index_of_vector(v_i)
H(j) = max(H(j), e~(-(d_i"2 / AN2)))
return H

function navigate (H, d_max):
desired_direction = find_highest_bin (H)
while there is an obstacle at desired_direction within d_max:
H = VFH(V, A)
desired_direction = find_highest_bin (H)
move_vehicle(desired_direction)

4.2. VehiClassNet

VehiClassNet can enhance vehicle classification. VehiClassNet combines convolutional neural
networks with attention mechanisms. It can achieve relatively high accuracy in fine-grained vehicle
classification tasks.

VehiClassNet consists of the following components:

1. Multi-scale Feature Extraction: VehiClassNet employs a series of CNN layers to extract a rich
hierarchy of features from the vehicle images. These layers are capable of capturing both low-
level features such as edges and textures, as well as high-level features that represent complex
patterns and vehicle parts.

2. Cross-Modality Fusion: This component leverages information from multiple data sources,
such as color, texture, and depth (when available), to create a holistic feature representation. By
integrating these diverse features, VehiClassNet can better capture the nuances that distinguish
different vehicle models.

3. Attention Mechanism: A soft-attention mechanism is employed to dynamically weigh the
importance of different regions within the vehicle images. This allows the model to focus on
the most discriminative parts of the vehicle, such as the logo, headlights, or unique body lines,
which are crucial for accurate classification.

4. Spatial Pyramid Pooling (SPP): The SPP module is applied to the feature maps to transform
them into a fixed-length feature vector. This process enables the model to handle images of
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varying sizes and to maintain a consistent input dimension for the subsequent classification
layers.

Figure 2 shows how the VehiClassNet model converts input vehicle images into feature maps,
which are feature representations for further processing and classification.
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Figure 2. Feature mapping map.

Let F = {fi, fa, ..., fn} be the set of feature maps extracted by the CNN layers at different scales,
where 7 is the number of scales. The cross-modality fusion is performed by a weighted sum of these
feature maps:

n
Frusion = Z o - fl 3)
i=1

Here, «; represents the weight of the i-th feature map, determined by the attention mechanism.

The attention-weighted feature maps are then processed by the Spatial Pyramid Pooling module,
which divides the feature map into M evenly spaced bins and computes the average pooling for each
bin, resulting in a fixed-length feature vector V:

- |Blll y p(x),...,|B1M| Y F(x) @)

X€B; XEB

1%

The output of the SPP module, V, is fed into a fully connected layer followed by a softmax layer
for classification:

P(y | V) = softmax(W -V +b) (5)

Where W and b are the learnable parameters of the classification head, and P(y | V) is the
probability distribution over the classes.

The Figure 3 illustrates the step-by-step process of how data flows through the VehiClassNet
model, an advanced deep learning architecture designed for fine-grained vehicle classification. The
diagram begins with the User initiating the process by loading the dataset. This dataset is then passed
to the VehiClassNet model, which serves as the central processing unit for the classification task.
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Figure 3. VehiClassNet.

After the FeatureExtractor has completed its task, it sends the output, in the form of feature maps,
back to the VehiClassNet model. These feature maps are then passed on to the Classifier component,
which utilizes these features to perform the actual classification of the vehicle images. The Figure 4 is a
chart containing numerical values, and the x-axis and y-axis represent classification metrics.

User Dataset VehiClassNet FeatureExtractor Classifier

Load data
[—

Input data
e

Feature extraction

Output feature maps

Feature classification

Output classification result

A

User Dataset VehiClassNet FeatureExtractor Classifier

Figure 4. Indicator measurement chart of VehiClassNet model.
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Finally, the Classifier outputs the classification result, which is communicated back to the User,
completing the cycle of information flow within the system. This sequence diagram provides a clear
visualization of the workflow within the VehiClassNet model, from data input to classification outcome,
highlighting the collaborative interaction between different components of the system [6,16,18].

5. Experiments

This section provides a detailed introduction to the experimental setup of VehiClassNet, including
the dataset, evaluation metrics, experimental process, and hyperparameter configuration.

This section provides a detailed introduction to the experimental setup of VehiClassNet, including
the dataset, evaluation metrics, experimental process, and hyperparameter configuration.

5.1. Dataset Description

In this study, we used multiple publicly available fine-grained vehicle classification datasets,
including but not limited to the Stanford Cars-196 and Oxford 102 Flowers datasets. The Stanford
Cars-196 dataset contains 16185 images from 196 different vehicle models, with roughly equal numbers
of images for each model. The Oxford 102 Flowers dataset contains images of 102 flowers, with images
of each flower ranging from 40 to 258. The selection of these datasets aims to ensure that our model can
effectively learn and validate under diverse vehicle and environmental conditions. The main indicator
for evaluating model performance is accuracy, which is the proportion of correctly classified samples
to the total number of samples. In addition, precision, recall, and F1 score were also considered as
auxiliary evaluation indicators.

5.2. Data Preprocessing

In order to improve the performance and robustness of the model, we performed a series of
preprocessing steps on the dataset. Including image scaling, cropping, and normalization to ensure
consistency and adaptability of input data. In addition, we also employed data augmentation tech-
niques such as rotation, flipping, and color transformation to increase data diversity and reduce the
risk of overfitting in the model. [1,28,31]

5.3. Model Configuration

The VehiClassNet model adopts multi-scale feature extraction and cross modal fusion techniques,
combining convolutional neural networks (CNN), attention mechanisms, and spatial pyramid pooling
(SPP). The key hyperparameters of the model include learning rate, batch size, and number of iterations.
The learning rate is initially set to 0.01 and adjusted during the training process using cosine annealing
strategy based on the performance of the validation set. Set the batch size to 32 and the number of
iterations to 100. The selection of these configurations aims to optimize the training efficiency and
classification accuracy of the model. [22,23,25,26]

5.4. Experimental Setup

The experiment was conducted on the server. Firstly, pre train the VehiClassNet model using
the ImageNet dataset as the pre training data. After pre training is completed, transfer the model to
the target dataset for fine-tuning. During the fine-tuning process, the cross entropy loss function and
stochastic gradient descent (SGD) were used as optimizers. [19,27,30,32]

The key super parameters adjusted in the experiment include learning rate, batch size and
iterations. The learning rate is initially set to 0.01 and adjusted during the training process using cosine
annealing strategy based on the performance of the validation set. Set the batch size to 32 and the
number of iterations to 100.

5.5. Experimental Results

Table 1 shows the comparison of accuracy between the VehiClassNet model and current advanced
models. The VehiClassNet model achieved an accuracy of 95.0% on the Stanford Cars-196 dataset,
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surpassing all other models, including DenseNet-161 and Inception ResNet v2. Figure 5 shows the
performance results of the VehiClassNet model in experiments, including comparisons with other
models.

Table 1. Comparison of Different Models in Terms of F1 Score, Accuracy, and Recall.

Model Accuracy F1Score Recall
Mean Min Max (%) (%)
CoSeg 0.89 0.81 094 91.4 89.1
VGG-BGLm 0.88 0.86 091 90.2 87.1
B-CNN 090 0.88 091 91.1 88.2
CNN With Geo 092 090 095 92.1 86.2
ResNet-swp 091 0.89 093 91.3 89.5
VGG 0.86 0.80 0.90 86.8 85.5
ResNet 092 090 095 92.0 90.2
OURS (VehiClassNet) 093 091 0.95 93.0 91.1
0.8
0.6
g
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Figure 5. Indicator measurement chart of VehiClassNet model.

In addition to quantitative results, qualitative analysis was also conducted on the prediction
results of the VehiClassNet model. By visualizing the attention weights of the model, we observe that
the model can focus on key parts of the vehicle, such as headlights, logos, and body lines, which are
crucial for fine-grained classification.

To test the robustness of the model, we added interference factors such as noise, blur, and occlusion
to the image.

5.6. Comprehensive Experimental Results

This section presents a detailed analysis of the VehiClassNet model’s performance across various
metrics, providing a holistic view of its classification capabilities.

5.6.1. Performance Metrics

We evaluated the VehiClassNet model using the following standard metrics: accuracy, precision,
recall, and F1 score. These metrics were calculated for each vehicle class and averaged over the entire
dataset to obtain the overall performance of the model.
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Table 2 summarizes the overall performance of the VehiClassNet model on the Stanford Cars-196
and Oxford 102 Flowers datasets. The high accuracy and F1 score indicate the model’s effectiveness in
fine-grained classification tasks.

Table 2. Overall performance metrics of the VehiClassNet model on standard datasets.

Dataset Accuracy (%) Precision Recall F1 Score
Stanford Cars-196 95.0 0.93 0.94 0.93
Oxford 102 Flowers 92.5 091 0.90 0.90

5.6.2. Performance Under Adverse Conditions

To assess the robustness of the VehiClassNet model, we conducted experiments under various
adverse conditions, including noise, blur, and occlusion. The model’s performance was evaluated
using the same set of metrics.

Table 3 presents the performance of the VehiClassNet model when subjected to noise, blur, and occlusion.
The results demonstrate that the model maintains high performance even under challenging conditions.

Table 3. Performance of the VehiClassNet model under adverse conditions.

Condition Accuracy (%) Precision Recall F1 Score Notes

Noise 93.5 0.91 0.92 091 Gaussian noise with o = 15
Blur 94.0 0.92 0.93 0.92 Average blur with radius 2
Occlusion 92.0 0.89 0.90 0.89 30% of the image occluded

5.7. Discussion

The F1 score is the harmonic mean of precision and recall, and is a comprehensive indicator that
considers both. It is particularly useful for imbalanced datasets. In Table 1, OURS (VehiClassNet)
performs well on all sub indicators (mean, minimum, maximum) of F1 score, with values of 0.93, 0.91,
and 0.95, respectively. This indicates that VehiClassNet can maintain high performance in different
situations, with good consistency and stability.

The CNN With Geo model also performs well in F1 score, close to VehiClassNet, but slightly
lower in maximum F1 score than VehiClassNet.

The F1 scores of CoSeg, VGG BGLm, B-CNN, ResNet swp, and ResNet models are similar, but
VehiClassNet has higher minimum and maximum values, indicating better performance fluctuations.

Accuracy is the proportion of correctly classified samples to the total number of samples. The
OURS (VehiClassNet) model leads all other models with an accuracy of 93.0%, demonstrating its high
accuracy in classification tasks.

The CNN With Geo model ranks second with an accuracy of 92.1%, but there is still a gap
compared to VehiClassNet.

The accuracy of CoSeg [7], VGG BGLm, B-CNN, ResNet-swp [5], and ResNet models is all above
90.0%, but lower than VehiClassNet.

The advantages of the VehiClassNet model may be attributed to the following aspects:

1. Multi scale feature extraction: capable of capturing features of different sizes, helping to identify
details of vehicles of different sizes.

2. Cross modal fusion: integrates features from different data sources (such as color, texture, depth),
providing a more comprehensive feature representation.

3. Attention mechanism: enables the model to focus on key areas in the image, such as specific
signs or model features of vehicles, which is crucial for fine-grained classification.

4. Spatial Pyramid Pooling (SPP): allows the model to process images of different sizes, improving
its adaptability to input changes.
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The results indicate that, VehiClassNet is superior to the above model with an accuracy of 93%.
This indicates that the proposed method is effective.

6. Conclusions

The VehicClassNet model proposed in this study significantly improves the accuracy and robust-
ness of fine-grained vehicle classification through its innovative multi-scale feature extraction, cross
modal fusion, and attention mechanism. The application of these innovative technologies not only
improves the performance of the model, but also provides new possibilities for the development of
future intelligent transportation systems. This model can adaptively focus on key areas in the image.
This model improves the accuracy of classification.

Future work will focus on expanding the diversity and complexity of datasets. In the future,
we will explore the deployment and optimization of models in practical applications. We will also
investigate how to further reduce the computational complexity of the model. It is more suitable to
run on devices with limited resources.
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