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ABSTRACT: Ensuring that autonomous vehicles maintain high precision and rapid response capabilities in complex
and dynamic driving environments is a critical challenge in the field of autonomous driving. This study aims to
enhance the learning efficiency of multi-sensor feature fusion in autonomous driving tasks, thereby improving the safety
and responsiveness of the system. To achieve this goal, we propose an innovative multi-sensor feature fusion model
that integrates three distinct modalities: visual, radar, and lidar data. The model optimizes the feature fusion process
through the introduction of two novel mechanisms: Sparse Channel Pooling (SCP) and Residual Triplet-Attention
(RTA). Firstly, the SCP mechanism enables the model to adaptively filter out salient feature channels while eliminating
the interference of redundant features. This enhances the model’s emphasis on critical features essential for decision-
making and strengthens its robustness to environmental variability. Secondly, the RTA mechanism addresses the issue
of feature misalignment across different modalities by effectively aligning key cross-modal features. This alignment
reduces the computational overhead associated with redundant features and enhances the overall efficiency of the
system. Furthermore, this study incorporates a reinforcement learning module designed to optimize strategies within a
continuous action space. By integrating this module with the feature fusion learning process, the entire system is capable
of learning efficient driving strategies in an end-to-end manner within the CARLA autonomous driving simulator.
Experimental results demonstrate that the proposed model significantly enhances the perception and decision-making
accuracy of the autonomous driving system in complex traffic scenarios while maintaining real-time responsiveness.
This work provides a novel perspective and technical pathway for the application of multi-sensor data fusion in
autonomous driving.

KEYWORDS: Multi-sensor fusion; autonomous driving; feature selection; attention mechanism; reinforcement
learning

1 Introduction
With the rapid development of autonomous driving technology, the demands for safety and reliability

have been continuously increasing [1]. Traditional driving methods are fraught with limitations, such as
driver fatigue and distraction, which can lead to traffic accidents. Early autonomous driving systems typically
relied on single sensors (e.g., cameras or radar); however, their performance and reliability significantly
deteriorated when confronted with complex and dynamic traffic environments, especially under adverse
weather conditions. Currently, the integration of multiple sensors has become a mainstream trend. By
combining various sensors, such as LiDAR, cameras, and millimeter-wave radar, vehicles can achieve
a more comprehensive perception of their surrounding environment. For instance, the integration of
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3D point cloud data from LiDAR and 2D images from cameras can significantly enhance the detection
accuracy of pedestrians and obstacles. Moreover, advancements in deep learning technology have driven
the optimization of object detection algorithms, making them more robust in complex scenarios [2]. In
terms of decision-making, end-to-end autonomous driving technology is gradually maturing. For example,
Tesla’s FSD V12 system directly extracts information from raw sensor data using deep learning models,
achieving seamless integration from perception to control, which greatly improves the efficiency and safety of
autonomous driving. Furthermore, the application of reinforcement learning in autonomous driving has also
made significant progress, optimizing the vehicle’s decision-making capabilities in complex environments.
Autonomous driving technology is progressively being implemented in various scenarios. For instance,
Robotaxi and autonomous trucks have achieved significant results in testing and operations in specific areas.
Companies such as Baidu and Didi have launched pilot projects for autonomous taxis in multiple cities in
China. Meanwhile, autonomous trucks in the logistics sector have reduced operating costs through precise
route planning and stable speed control [3].

Therefore, utilizing multi-sensor information for environmental perception and decision-making has
become a key factor in enhancing the performance of autonomous driving systems [4]. Multi-sensor fusion
integrates data from various types of sensors, providing more comprehensive and accurate environmental
information, thereby strengthening the perception capabilities of autonomous driving systems [5,6]. Despite
the progress made, the performance of autonomous driving systems in adverse weather conditions (such as
rain, snow, and fog) and complex traffic scenarios remains unsatisfactory [7]. For instance, the performance
of LiDAR deteriorates in rainy and foggy environments, while cameras exhibit insufficient sensitivity
under low-light conditions, which limits the system’s reliability. Although multi-sensor fusion has improved
perception capabilities, it has also introduced complexities in data processing and increased computational
burden [8]. Feature fusion learning often encounters issues of feature redundancy, which can lead to a
decrease in system response speed. Furthermore, continuous action space algorithms based on reinforce-
ment learning still face challenges concerning algorithm stability and generalization performance [9].

To address these challenges, this paper proposes a feature fusion learning and reinforcement learning
method based on three modalities. We introduce Sparse Channel Pooling (SCP) and Residual Triplet-
Attention (RTA) mechanisms to emphasize key features, reduce unnecessary information, and enhance
the robustness and response speed of the system. Specifically, through the SCP mechanism, the model
can adaptively filter out essential feature channels, minimizing redundant information and highlighting
critical features. This process improves the performance of the autonomous driving system, particularly when
processing large volumes of sensor data. Furthermore, the RTA mechanism facilitates effective alignment
between features from different modalities, thereby enhancing the effectiveness of feature fusion. This cross-
modal feature alignment not only strengthens the system’s ability to integrate multi-sensor information but
also mitigates the influence of irrelevant features by selectively utilizing different modal feature vectors.

In addition, we introduce a reinforcement learning module designed for learning and optimizing
strategies in a continuous action space. This module is integrated with feature fusion learning to enable the
entire system to learn efficient driving strategies in an end-to-end manner within the CARLA autonomous
driving simulator. This approach aims to enhance the stability and generalization ability of autonomous
driving systems.

The innovations of this study include:

(1) A feature fusion learning and reinforcement learning method based on three modalities is proposed to
enhance the decision-making capabilities and response speed of the autonomous driving system. This
approach effectively addresses the issues of cross-modal feature alignment and redundancy.
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(2) SCP technology is introduced to improve the performance of the autonomous driving system by adap-
tively filtering important feature channels. This method reduces unnecessary features, highlights key
elements, and alleviates the problems of feature redundancy and computational burden, significantly
enhancing the model’s robustness and real-time performance in complex environments.

(3) By sequentially utilizing feature vectors from different modalities, the influence of irrelevant fea-
tures is diminished, thereby improving the system’s ability to integrate multi-sensor information.
This enhancement also boosts the effectiveness of reinforcement learning, enabling the system to
perceive its environment and make decisions more efficiently and accurately. The combination of the
reinforcement learning module and feature fusion learning facilitates end-to-end autonomous driving
strategy learning, providing a novel perspective for the design of autonomous driving systems.

2 Related Work

2.1 Autonomous Driving Technology Based on Traditional Methods
In the early development of autonomous driving technology, most studies relied on traditional Com-

puter Vision (CV) and machine learning methods. These approaches typically involved manual feature
extraction and rule-based systems for tasks such as vehicle detection, lane recognition, and traffic sign
recognition. Berkaya et al. [10] proposed a circular detection algorithm and an RGB-based color thresholding
technique that leverages the color and shape characteristics of traffic signs. Nie et al. [11] developed a decision
behavior model for free lane change execution. By comparing the lane change decision model based on
Support Vector Machines (SVM) with the NAGLEA model, they demonstrated the superiority of the SVM
model in predicting lane change behavior, achieving a success rate of 95%, which verifies the algorithm’s
effectiveness. On the other hand, Schubert et al. [12] utilized the vehicle’s environmental perception data
to create a Bayesian network model for developing lane change strategies. This model provides a decision-
making framework based on probabilistic analysis by fusing surrounding information to facilitate lane
changes. Despite achieving remarkable results during a specific period, traditional methods are limited by
a series of drawbacks, including restricted generalization ability, insufficient real-time performance, poor
robustness, and limited integration capabilities. These limitations become particularly evident when facing
changing environmental conditions, real-time response requirements, and sensor noise.

2.2 Autonomous Driving Technology Based on Deep Learning
As deep learning has made significant strides in the fields of visual recognition and speech pro-

cessing, it has also been effectively applied to tackle challenges in autonomous driving, thus overcoming
some limitations of traditional methods [13]. Deep learning techniques, particularly Convolutional Neural
Networks (CNN) and Recurrent Neural Networks (RNN), are widely utilized in tasks related to vehicle
environment perception, behavior prediction, and decision-making, resulting in substantial improvements
in the performance of autonomous driving systems. For instance, Liu et al. [14] enhanced recognition
capabilities by constructing a feature cone neural network based on bipartite attention, achieving effective
recognition of small objects in images with a correctness rate of 93.3% on the TT100k dataset. Nacir et al. [15]
proposed a transfer learning method to train the YOLOv5 model. After training YOLOv5 on various image
datasets, the model’s initial parameters were transferred to the German traffic sign dataset, thereby improving
accuracy while maintaining detection speed. Additionally, Liu et al. [8] encode image features and radar
features separately, which are then fused through a shared network, significantly enhancing both detection
efficiency and accuracy. To tackle the challenges of speed and accuracy in autonomous driving target
detection, Cao et al. [16] developed the MCS-YOLO algorithm. This algorithm incorporates a coordinate
attention module into the backbone network to optimize feature aggregation, utilizes a multi-scale small
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target structure to enhance small target detection, and combines the Swin Transformer with CNN to improve
context information processing. Experiments have validated the effectiveness and advantages of MCS-YOLO
in enhancing detection performance.

However, existing systems still face limitations when dealing with complex scenarios and overcoming
sensor noise. To enhance the quality of feature representation, model networks often adopt complex
structures. However, these structures can be negatively impacted by factors such as slow updates of map data
and environmental changes, resulting in insufficient accuracy and stability in positioning and navigation.
In contrast, our proposed multi-modal feature fusion autonomous driving system utilizes RGB images,
depth images, and point cloud data to adaptively filter important feature channels through SCP and RTA
mechanisms. This approach enables effective cross-modal feature alignment, significantly reducing feature
redundancy while ensuring that key features take precedence. Combined with reinforcement learning, our
system’s performance in environmental perception, positioning and navigation, control, and driving strategy
learning has been further enhanced.

3 Method
The purpose of this study is to explore the interaction modes of agents in complex environments and to

obtain data and key reward information through interactions with the environment. These data are processed
by a multi-sensor feature fusion module to extract representative features. Subsequently, the reinforcement
learning module utilizes these extracted features to learn the control strategy for autonomous driving,
enabling the direct generation of actions for the autonomous vehicle [17]. This research method provides
new insights and technical support for the development of intelligent transportation systems. The overall
algorithm framework is illustrated in Fig. 1.

Figure 1: The overall algorithm framework diagram

3.1 Multi-Sensor Feature Fusion Module
This section addresses the design and implementation of the multi-sensor feature fusion module. The

module comprises an RGB image feature extraction network based on Vision Transformer (ViT), a depth
map feature extraction network based on Dense Convolutional Network (DenseNet), and a feature extraction
network for LiDAR point cloud data based on PointNet++ [18,19]. By combining and coordinating these
networks, the module achieves the extraction and fusion of features from different sensor data, facilitating
subsequent reinforcement learning.
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3.1.1 RGB Images
The module discussed in this article corresponds to the Encoder component of the Transformer,

specifically referring to the ViT architecture [20]. The detailed network structure is presented in Fig. 2.

Figure 2: RGB image feature extraction algorithm based on ViT

In this study, the RGB input image, with a size of 320 × 320 pixels, is divided into 100 small blocks, each
measuring 32 × 32 pixels. Each block is then flattened and transformed into a one-dimensional vector. Given
the high dimensionality of these vectors, we apply a linear transformation layer to reduce their dimensions,
similar to the word embedding process used in Natural Language Processing (NLP), where each transformed
vector represents a token. To preserve the spatial relationships between image blocks, we add a position
encoding to each token. Additionally, we introduce a class token to aggregate information from all image
blocks, completing the preprocessing of the input.

The sequence of 100 tokens, after preprocessing, is passed to the decoder, which consists of 10 modules
with the same structure but independent parameters. Each module allows the tokens in the sequence to
exchange information with each other through the self-attention mechanism. Since each sub-image block
contains different information, such as lane lines in some blocks and the sky in others, the attention
mechanism learns to associate related image blocks effectively.

After the multi-head attention operation, the module performs normalization and establishes a residual
connection with the original input. The fully connected layer then restores the token dimensions, normalizes
the output once more, and creates another residual connection to form the final module output. This process
is repeated across all 10 independent modules. The final output is the class-token vector, which can be
obtained by taking the mean of all token dimensions or directly using the class-token vector learned by the
network. This vector serves as the feature vector extracted from the depth map.

3.1.2 Depth Images
Since the VGG network [21] achieved remarkable results in the field of image recognition in 2014,

CNNs have become a cornerstone in the field of CV. Building on the VGG architecture, researchers have
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proposed various innovative variants and derivative structures [22,23]. For instance, ResNet introduces
residual connections, while mobile networks utilize depthwise separable convolutions to reduce model
parameters. This study also applies deep CNNs for image feature extraction from depth maps, with the
primary model structure based on DenseNet [24]. The specific network architecture is shown in Fig. 3.

Figure 3: Depth image feature extraction algorithm based on DenseNet

The Residual Network (ResNet) assumes that if a deep network can learn identity mapping by adding
several layers, its performance after training will not be worse than that of a shallower network. In contrast,
DenseNet is built on the assumption that reusing features can enhance network performance [18]. The inno-
vation of DenseNet lies in its direct connection approach, which differs from the ResNet’s additive strategy.
DenseNet enables direct transmission between input and output, bypassing nonlinear transformations.

In each Dense module, a dense connectivity strategy is employed, meaning that each layer receives the
outputs of all previous layers as its input. The limited adaptability of a single Dense module to resolution
variations poses significant challenges when handling multiple feature merges. As a result, DenseNet typically
consists of multiple such modules to maintain both the functionality and flexibility of the network.

When processing the depth image, the input image is first down-sampled through a convolutional
layer to reduce the complexity of subsequent processing. The image features are then sequentially passed
through three Dense modules, each performing a dense connection operation to ensure effective circulation
and reuse of features. The resulting feature map undergoes pooling, flattening, and fully connected layer
processing. Through these steps, nonlinear dimensionality reduction is achieved, generating feature vectors
that characterize the depth image’s attributes.

3.1.3 Point Cloud Network
In three-dimensional spatial analysis, the point cloud consists of sets of three-dimensional points

defined by N (x , y, z) coordinates, valued for its compactness and high-fidelity representation of object
details. The algorithm design must consider two key attributes: position invariance and rotation invariance.
Position invariance means that the arrangement of points does not affect the content of the point cloud
information. Even after reordering, the same object or scene is still represented. Rotation invariance implies
that although all points undergo the same rotation and their coordinates change, the described object or
scene remains unchanged.

PointNet achieves position invariance by mapping the points to high-dimensional space and applying
maximum pooling [25]. Combined with the T-Net module, PointNet rotates the point cloud to ensure the
data is processed under a unified reference frame, yielding a 1024-dimensional global feature vector to ensure
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rotation invariance [26]. However, PointNet may not fully capture the relationship between points, leading
to the loss of local features.

In this study, the point cloud feature extraction network is primarily based on PointNet++, an improved
version of PointNet. The network structure is shown in Fig. 4. By hierarchically processing the point cloud
data, this network captures features at different scales, effectively overcoming the limitations of PointNet in
capturing local details.

Figure 4: Feature extraction algorithm of point cloud data based on PointNet++

The introduction of PointNet++ aims to address the limitations of PointNet, with its primary enhance-
ment being the ability to extract local features [19]. This method partitions the point cloud based on distance
measurements, extracting features from each region individually, and progressively expands the range of
feature extraction. This approach is similar to the layer-by-layer expansion of receptive fields in convolutional
networks. By hierarchically extracting local features, they are eventually aggregated and passed to the fully
connected layer for classification or other tasks. In the network architecture of this paper, the feature
extraction part of PointNet++ is used to generate features from point cloud data. The input point cloud is first
partitioned according to spatial distance, then sampled and reorganized, after which PointNet handles the
feature extraction [26]. The final feature vector is transformed to the desired dimension using a multilayer
perceptron (MLP).

A key detail when processing the input data is that the number of points, N, in the point cloud data,
varies at different stages of the experiment, meaning the number of points is not fixed. If the number of points
exceeds the network’s requirements, random sampling is applied to reduce the count. If there are insufficient
points, the required number is achieved through repeated sampling.

3.1.4 Sparse Channel Pooling Mechanism
In this section, inspired by graph pooling [27], we introduce the implementation of SCP technology,

as shown in Fig. 5. SCP plays a crucial role in our model by reducing data redundancy and computational
burden, selectively emphasizing the most informative feature channels.

Firstly, we use two 1 × 1 convolution kernels α and β to linearly transform the feature vector f ∈RC×1

output by the backbone network to obtain two different feature vectors fα and fβ :

fα = a ( f ) (1)
fβ = β ( f ) (2)
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Figure 5: Sparse channel pooling structure

The purpose of these two convolution kernels is to map the original feature vectors to two different
spaces so that the importance of each feature channel can be better evaluated in the next steps.

Next, we compute the outer product of eigenvectors fα and fβ to obtain an importance matrix I:

I = fa f T
b (3)

Each element Ii j of the importance matrix I represents the interactive importance between the i-th
feature channel and the j-th feature channel.

Then, we sum up the importance matrix I to obtain a degree vector ID , which represents the importance
of each feature channel:

ID = ∑
j

I (4)

In the degree vector ID , we select the first k feature channels with the maximum value. These selected
feature channels are considered to be the most important for model decision-making. We preserve these
feature channels by:

f ′ = f Θ ID [∶ k] (5)

here, Θ denotes the multiplication operation by elements, and ID [∶ k] denotes the first k largest elements in
the degree vector ID .

Through this method, we can adaptively select the feature channels that have the greatest impact on
the model performance, reduce the computational burden of the model, and improve the decision accuracy
of the model. This SCP technology provides an effective feature selection mechanism for multi-sensor data
fusion, which helps to improve the performance of autonomous driving systems [28,29].

3.1.5 Residual Triplet-Attention Mechanism
Inspired by the self-attention mechanism [30], this paper introduces the RTA mechanism, as shown

in Fig. 6. RTA is designed to perform deeper feature fusion using the features extracted by the backbone
network (such as ViT, DenseNet, and PointNet++). By incorporating an attention mechanism, this approach
highlights important feature channels across different modalities while suppressing irrelevant information.
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This strategy enables the model to focus on critical information, reducing the computational burden caused
by redundant features.

Figure 6: Residual Triplet-Attention structure diagram

Firstly, three different 1 × 1 convolution kernels ς, τ and γ are linearly transformed by the backbone
network (ViT, DenseNet and PointNet++) and the SCP output f ′ ∈RCx1 to obtain three different modal
feature vectors fς , fτ and fγ . The expression is as follows:

fς = ς ( f ) (6)
fτ = τ ( f ) (7)
fγ = γ ( f ) (8)

These feature vectors maintain the same feature dimension C. In order to align the key features between
different modalities, RTA uses an attention mechanism, in which the feature vectors take turns to play the
roles of Query, Key and Value. Specifically, when fγ is a Query, the attention value Aγ can be calculated as
follows:

Aγ = so f tmax ( fς ⋅ fτ√
C
) fγ (9)

Among them, fς ⋅ f /
√

C is the attention map, which represents the correlation between different feature
channels. The Softmax function ensures that the attention of each feature channel is between 0 and 1, thereby
obtaining a weighted feature vector Aγ . In order to highlight the importance of key channels and reduce
the computational burden of unnecessary features, we subtract the input Value feature fγ from the attention
value Aγ to obtain the sparse key feature fγ . The detailed formula is as follows:

f γ = Aγ − fγ (10)

This process only considers the case of fγ as a Value feature. Similarly, we also need to calculate the case
where fς and fτ are used as Value features, respectively, to obtain fς and fτ . Finally, we concatenate the sparse
key features fγ , fς and fτ of these three different modalities as the input of reinforcement learning.

F = Concat( f γ , f ς , f τ) (11)
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In this way, RTA not only enhances the expression of important features, but also reduces the com-
putational complexity by eliminating unimportant features, thereby improving the overall efficiency and
performance of the model.

3.2 Reinforcement Learning Module
The randomness strategy adopted in this study is specifically implemented through the SAC algorithm,

which has shown strong performance in the field of autonomous driving [31]. The innovation of the
entire training framework lies in the combination of pre-training and offline training. This unique training
approach begins by pre-training the model using a public dataset, which significantly enhances the model’s
ability to extract state information. This not only improves the model’s understanding of the environment but
also reduces the instability that may arise in the subsequent reinforcement learning process. Through such
pre-training, the model is better equipped to capture key features in the driving environment, providing a
solid foundation for subsequent decision-making [32].

In addition, the study also discusses the feature extraction method of multi-sensor fusion, which further
enhances the system’s generalization capability [33]. In autonomous driving scenarios, vehicles need to
process data from various sensors, such as cameras, radars, and LiDAR. By fusing the data from these sensors,
the model can acquire more comprehensive environmental information, enabling it to make more accurate
and safer driving decisions. This multi-sensor fusion strategy allows the SAC algorithm to be applied to more
complex and diverse driving scenarios, thereby expanding its potential for real-world applications.

In general, the application of the SAC algorithm in autonomous driving demonstrates its strong
potential [34]. It not only addresses continuous action space problems but also enhances the model’s
performance and generalization ability through pre-training and multi-sensor fusion technology. These
characteristics make SAC a highly promising research direction in the field of autonomous driving [35].

4 Research on Multi-Sensor Feature Fusion Learning for Autonomous Driving Tasks

4.1 Experimental Environment
In this experiment, the Windows 10 system is used as the platform, and the main configuration

information is shown in Table 1.

Table 1: Experimental environment settings

Environment configuration Parameter
IDE environment Anaconda3-Windows-x86_64

GPU NVIDIA RTX2080Ti (4)
Hard disk 1 T

CPU Intel Xeon E5
Programming language Python 3.10

Development framework PyTorch 1.6.0, CUDA 10.1
Operation system Windows 10 Pro (64-bit)

Operation system version 21H2 (19044.2846)
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4.2 Model Pre-Training and Data Set Introduction
In this study, the pre-training experiment first designs an independent feature extraction network

for different sensor data. The ViT is pre-trained on the CIFAR-100 dataset, which consists of 60,000
32 × 32 color images spanning 100 fine-grained categories, enabling ViT to learn rich visual features. To
capture more complex visual semantic information, the DenseNet is pre-trained on the ImageNet dataset,
containing over 14 million images across approximately 22,000 categories. Additionally, PointNet++ is
pre-trained on the ModelNet dataset, which offers around 127,915 3D CAD models across 624 categories,
specifically training the network to accurately extract and understand 3D geometric features. These pre-
trained networks are then integrated with the reinforcement learning module, followed by end-to-end
training in the CARLA simulator.

CARLA is an open-source autonomous driving research platform that offers a range of realistic urban
environments, including diverse traffic conditions, weather scenarios, and road types. This allows us to
test and optimize autonomous driving strategies in a safe and controlled setting. By simulating real-world
driving scenarios in CARLA, our model learns to perform effective multi-sensor feature fusion under varying
road conditions and make real-time decisions, thus establishing a solid foundation for the application of
autonomous driving in the real world. Tables 2–4 are the pre-training parameter settings for each module.

Table 2: Hyperparameters of ViT network pre-training

Name Value Name Value
Epochs 118 Activation function ReLU

Learning rate 0.0001 Number of multi-head Self-attention 10
Dropout 0.2 Weight initialization method Kaiming initialization

Optimizer SGD Image normalized mean (0.485, 0.456, 0.406)
Mini batch size 128 Image normalization method (0.229, 0.224, 0.225)

Table 3: Hyperparameters of PointNet++ network pre-training

Name Value Name Value
Epochs 95 Mini batch size 48

Learning rate 0.0001 Image normalization method Center point normalization
Number of points 4096 Weight initialization method Kaiming initialization

Table 4: Reinforcement learning module training hyperparameters

Name Value Name Value
Episode 100,000 Mini batch size 32

Learning rate 0.0001 Actor learning rate 0.0001
Return decay rate 0.99 Critic learning rate 0.0001
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4.3 Evaluation Indicators
This study aims to comprehensively evaluate the fusion effect of multi-sensor information in

autonomous driving operations. We used three main evaluation metrics: Top-1 Accuracy, Over Accuracy, and
Mean Accuracy. Top-1 Accuracy is a standard metric for measuring the performance of models in single-label
classification tasks. It represents the proportion of the most probable label predicted by the model compared
to the true label across all test samples. This metric reflects the model’s ability to correctly identify the most
likely categories. Over Accuracy is a non-standard term, referring to cases where the model’s performance
exceeds the benchmark or expected performance level. This typically involves a comparison with a predefined
threshold or another model. Mean Accuracy represents the average accuracy across all categories, providing
a macro-level indicator of the model’s overall classification ability. Through these comprehensive evaluation
methods, we can accurately quantify the model’s performance across different sensing tasks and datasets
(including CIFAR-100, ImageNet, and ModelNet), ensuring a multi-angle and thorough evaluation.

4.4 Comparative Experiment
In this paper, to demonstrate the superiority of the proposed method, we compare it with the DLCE [11],

TSingNet [14], BEVFusion [8], and MCS-YOLO [16] models. These experiments are conducted on three
standard datasets: CIFAR-100, ImageNet, and ModelNet, to evaluate the effectiveness of the proposed
approach. The detailed experimental results are presented in Table 5.

Table 5: Comparison of performance on ImageNet, CIFAR-100, and ModelNet datasets

Methods ImageNet CIFAR-100 ModelNet

Top-1 Acc (%) Top-1 Acc (%) Over Acc (%) Mean Acc (%)
DLCE [11] 75.0 60.0 82.0 81.5

TSingNet [14] 78.0 63.0 84.0 83.0
BEVFusion [8] 76.5 62.5 83.5 82.7

MCS-YOLO [16] 80.0 66.0 85.0 84.5
Baseline 82.5 69.0 87.5 86.0

The proposed method 87.1 73.6 91.3 89.9

As shown in Table 5, the proposed Faster R-CNN++ network outperforms existing methods on the
BDD-100K dataset. Specifically, on the ImageNet dataset, the proposed method achieves the highest Top-1
Accuracy of 87.1%, which is 4.6 percentage points higher than the Baseline and 7.1 percentage points higher
than the latest multi-sensor fusion method. On the CIFAR-100 dataset, the proposed method also delivers the
best performance, with a Top-1 Accuracy of 73.6%, surpassing the Baseline by 4.6 percentage points and the
latest multi-sensor fusion method by 7.6 percentage points. For the ModelNet dataset, the proposed method
achieves 91.3% in Over Accuracy and maintains high accuracy in Mean Accuracy at 89.9%.

The experimental results demonstrate that the proposed method significantly improves Top-1 Accuracy,
Over Accuracy, and Mean Accuracy, highlighting its superiority in handling more complex and diverse
image classification tasks. This improvement is attributed to SCP technology, which enhances the model’s
speed and generalization ability by making the feature map sparser and reducing unnecessary computations.
The RTA mechanism leverages residual connections and attention to refine the initial features, effectively
prioritizing important features and boosting the model’s ability to recognize complex and fine-grained
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details. Additionally, this mechanism helps mitigate the issue of gradient vanishing, contributing to more
stable training of deep networks.

4.5 Ablation Experiment
To verify the effectiveness of each component in the proposed method, we conducted ablation exper-

iments. Specifically, we evaluated the impact of the RTA mechanism and SCP technology on the model’s
performance across three datasets: CIFAR-100, ImageNet, and ModelNet. The experimental setups are as
follows: Baseline: a standard deep learning model without any attention mechanism or sparsity; +SCP:
the introduction of SCP technology, without the attention mechanism; +RTA: the inclusion of the RTA
mechanism, but without SCP; Proposed Method: the complete method that combines both SCP and RTA.
The experimental results are presented in Table 6.

Table 6: Results of the ablation experiment

Methods ImageNet CIFAR-100 ModelNet

Top-1 Acc (%) Top-1 Acc (%) Over Acc (%) Mean Acc (%)
Baseline 75.0 60.3 82.0 81.5
+SCP 78.5 63.6 84.5 83.3
+RTA 76.5 62.5 83.5 82.7

The proposed method 87.1 73.6 91.3 89.9

The experimental results show that the +SCP module improves performance by at least 3.3% in Top-
1 Accuracy, 1.5% in Over Accuracy, and 1.8% in Mean Accuracy compared to the baseline model. This
improvement is due to the sparsity of the +SCP module, which not only reduces feature map redundancy
but also enhances computational efficiency. Additionally, this method helps improve the model’s ability to
generalize unknown data.

Furthermore, the+RTA module shows an improvement of at least 0.5% in Top-1 Accuracy, 0.5% in Over
Accuracy, and 1.2% in Mean Accuracy compared to the baseline model. These results demonstrate that the
RTA mechanism effectively boosts the model’s recognition capability for complex and fine-grained features
by emphasizing important features and suppressing irrelevant ones.

The proposed method, which combines both the SCP module and the RTA module, outperforms the
baseline model by at least 11.9% in Top-1 Accuracy, 9.3% in Over Accuracy, and 8.4% in Mean Accuracy.

In summary, the results highlight that the RTA mechanism and SCP are two crucial components for
improving algorithm performance. These components complement each other, collectively enhancing the
model’s feature extraction ability and generalization performance. Additionally, these findings support our
hypothesis that the model’s application performance across various fields can be significantly improved by
enhancing the representation of important features through attention mechanisms and reducing computa-
tional complexity through sparsity.

4.6 Reinforcement Learning Training Results Analysis
4.6.1 Assess the Lane Keeping Effect

To evaluate the effectiveness of the proposed training strategy in lane-keeping performance, this study
conducted a detailed test on both the training map and the non-training starting point of the test map.
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The corresponding experimental results are presented in Table 7. As a comparison, a baseline case was
established, using a random strategy network with only RGB images as input. This was compared and
analyzed against the multi-sensor fusion method proposed in this study. In the table, the boxed numbers
indicate the starting point of the training and the corresponding map, while the unlabeled data points
represent the starting points of the test.

Table 7: Maximum bonus values for different scenarios and starting points

Methods MAP Start 1 Start 2 Start 3 Start 4

Baseline

Town 1 8.81 10.50 10.01 10.34
Town 2 9.84 8.67 8.75 7.83
Town 3 7.68 9.16 6.20 9.56
Town 4 8.24 9.10 6.85 6.27

Random strategy

Town 1 11.8 11.2 10.6 7.7
Town 2 10.8 9.17 7.15 10.3
Town 3 7.81 10.89 10.0 8.46
Town 4 9.93 10.00 10.3 10.01

Upon reviewing the experimental data, it can be observed that in this task, the multi-sensor fusion
method proposed in this study does not show a significant improvement over the benchmark method, and
the difference in generalization ability between the two is relatively small. This phenomenon can be attributed
to the relative simplicity of the lane-keeping task. Since the agent primarily needs to focus on the lane
lines, the RGB image information plays a crucial role, which explains the observed experimental results.
Nevertheless, overall, the method proposed in this study still slightly outperforms the baseline method. This
is mainly due to the contribution of other sensors, such as LiDAR, which provide additional information
and offer extra functionalities like collision avoidance.

4.6.2 Evaluation of Vehicle Following Effect
To better evaluate the effectiveness of the proposed training method for vehicle tracking operations, this

study selected various non-training starting points across a range of test environments, including training
maps, for a series of experimental validations. These tests are designed to thoroughly assess the adaptability
and robustness of the strategy in diverse scenarios, with the results presented in Table 8. Additionally, to
benchmark the performance of the multi-sensor fusion method introduced in this study, a baseline case was
chosen. This baseline was trained using a random strategy network that relied solely on RGB image input. In
the result table, data points marked with boxes indicate the starting positions used in training, while unboxed
data points represent the starting positions in the test phase.

A careful analysis of the data in the table reveals that the multi-sensor fusion method outperforms the
baseline significantly in this demanding vehicle-following evaluation. This notable difference is also evident
in the generalization tests, where the multi-sensor fusion method demonstrates superior performance. The
experiments show that deep reinforcement learning algorithms, when based on multi-sensor data, can
effectively enhance the lane tracking capabilities of autonomous vehicles and hold strong potential for
practical applications. This improvement not only boosts the vehicle’s environmental perception but also
provides richer data for navigating complex traffic scenarios, thereby advancing intelligent driving systems
toward a higher level of autonomy.
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Table 8: The maximum reward value of the starting point in different scenarios

Methods MAP Start 1 Start 2 Start 3 Start 4

Baseline

Town 1 1.83 1.07 0.68 0.75
Town 2 1.60 1.48 1.65 1.07
Town 3 1.19 0.95 0.50 0.73
Town 4 0.65 0.51 0.75 0.94

Random strategy

Town 1 2.08 1.03 2.04 0.98
Town 2 1.78 1.50 2.23 1.45
Town 3 2.15 1.01 1.97 2.20
Town 4 1.72 1.11 1.23 1.40

5 Conclusion
This study presents an innovative learning model for multi-sensor feature fusion in the context of

autonomous driving, with the goal of enhancing both the perception accuracy and response speed of
autonomous driving systems in complex environments. By integrating vision, radar, and laser scanning data
from three different modalities, our model optimizes the feature fusion process through the use of SCP
and a residual ternary attention mechanism. Simulation results demonstrate that this approach effectively
filters out irrelevant feature channels, reduces the impact of redundant signals, and enhances the model’s
robustness against external interference. The residual ternary attention mechanism facilitates the precise
alignment of cross-modal features, alleviating the computational burden caused by unnecessary features and
boosting the system’s computational efficiency. These improvements lead to significant gains in the real-time
responsiveness and decision-making accuracy of the autonomous driving system.

Additionally, by incorporating a reinforcement learning module and combining it with feature fusion
learning, we trained an efficient end-to-end driving strategy in the CARLA autonomous driving simulator.
The results demonstrate that this integrated approach not only improves the generalization ability and
stability of the autonomous driving system but also enables more efficient and accurate environmental
perception and decision-making.

In summary, the contributions of this study are as follows:

(1) A feature fusion framework for autonomous driving, based on three modalities, is proposed. This
framework combines deep learning and reinforcement learning techniques to enhance the environ-
mental adaptability and decision-making capabilities of autonomous vehicles.

(2) A novel SCP technique is introduced to reduce feature redundancy and emphasize task-relevant
features, thereby improving the system’s real-time performance and accuracy.

(3) A residual ternary attention mechanism is designed to enhance the integration efficiency of multi-
sensor data, optimizing the feature fusion process through effective cross-modal feature alignment.

While the SCP technique and RTA mechanism proposed in this study have achieved notable success
in reducing feature redundancy and improving feature fusion efficiency, challenges remain in terms of
computational complexity and real-time performance when processing large-scale sensor data. Future work
could focus on further optimizing these mechanisms, such as by incorporating more efficient feature
selection algorithms or adopting lightweight network architectures to reduce computational load and
enhance real-time responsiveness. Additionally, with the continuous advancement of sensor technologies—
such as higher-resolution cameras, more precise LiDAR, and millimeter-wave radar—it will be crucial to
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explore how to better integrate data from these emerging sensors. This may involve developing new feature
extraction and fusion methods that fully capitalize on the strengths of different sensor types, thereby further
improving the perception accuracy of autonomous driving systems.
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