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Abstract:
With the rapid development of intelligent transportation 
systems and autonomous driving technologies, vehicle 
recognition under adverse weather conditions has become 
a critical issue to be addressed. This study focuses on the 
optimization of intelligent vehicle recognition algorithms 
for rainy environments, proposing an improved vehicle 
detection model by integrating deep learning and multi-
modal data fusion techniques. By introducing a spatial 
attention mechanism, an image restoration module, 
and a multi-sensor data fusion strategy, the algorithm’s 
recognition accuracy and robustness under complex 
conditions such as low visibility and raindrop interference 
have been significantly enhanced. Experiments conducted 
on the DAWN dataset validated the effectiveness of the 
model, showing that the optimized algorithm achieves 
a mean average precision (mAP) of 89.7% in rainy 
environments, representing a 12.3% improvement over 
the traditional YOLOv5 model. This research provides 
theoretical support and technical solutions for the practical 
application of intelligent transportation systems under 
adverse weather conditions.
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1. Introduction
The core task of intelligent transportation systems 
(ITS) and autonomous driving technologies is to 
achieve all-weather, high-precision vehicle recog-
nition. However, precipitation, slippery roads, and 
low-light conditions in rainy environments severely 
degrade the performance of traditional visual algo-
rithms. Studies show that rain causes image blurring 

and reduced contrast, increasing the false detection 
rate of vehicle recognition by more than 30% [1]. 
Therefore, optimizing recognition algorithms for 
rainy environments is of great significance for im-
proving traffic safety and autonomous driving reli-
ability.
This study proposes a vehicle recognition optimi-
zation framework for rainy environments based on 
deep learning. By improving the YOLO algorithm ar-
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chitecture and integrating multi-modal sensor data fusion 
technology, it aims to address the following key issues:
1. Image quality degradation: Difficulty in feature ex-
traction due to raindrop noise and low light;
2. Real-time performance limitations: Reduced computa-
tional efficiency under complex weather conditions;
3. Limitations of single sensors: Lack of information from 
visual data in harsh environments.

2. Literature Review

2.1 Evolution of Rainy Image Processing Tech-
niques
Early research focused on physics-based image resto-
ration:
· Single-frame rain removal: Fu et al. (2017) proposed a 
CNN-based rain removal network but did not consider the 
spatiotemporal continuity of dynamic rain streaks.
· Multi-frame fusion: Zhang et al. (2019) used optical 
flow for temporal information compensation but relied on 
high-precision hardware synchronization (error <1ms).
· Generative adversarial networks: Recent studies have 
adopted CycleGAN to generate synthetic rain data, allevi-
ating the shortage of real data (Wang et al., 2023).

2.2 Breakthroughs in Multi-modal Fusion Tech-
nology
· Early fusion: Chen et al. (2019) improved detection ac-
curacy through pixel-level fusion but did not address the 
spatial alignment of sensor data.
· Late decision fusion: The DAWN dataset (Kenk & Hass-
aballah, 2020) demonstrated that LiDAR reduces distance 
measurement errors to 0.3m in rainy conditions.
· Transformer architecture: DROID-SLAM achieved fea-
ture correlation through self-attention mechanisms, with 
an absolute error of <1.5m over a 500m trajectory.

2.3 Existing Technical Bottlenecks
· Dynamic environment adaptability: Current models ex-
perience a 35% drop in mAP under sudden rain intensity 
changes (e.g., 5mm/h to 50mm/h).
· Computational efficiency: Complex networks with over 
200M parameters are difficult to deploy on embedded 
platforms (e.g., TartanVO requires 4GB of memory).
· Cross-domain generalization: Models trained on syn-
thetic data show significant performance degradation in 
real-world scenarios (PSNR difference >5dB).

2.4 Related Work
· Deep learning and vehicle recognition: YOLO and Fast-
er R-CNN are mainstream object detection algorithms that 

perform well in normal conditions. However, YOLOv5’s 
detection accuracy in rainy images is less than 60% [3].
· Rainy image enhancement: Fu et al. [4] proposed a 
GAN-based raindrop removal method, but its high com-
putational complexity limits real-time applications.
· Multi-modal data fusion: Chen et al. [5] fused LiDAR 
and visual data, achieving 78% detection accuracy in fog-
gy environments. However, few studies have optimized 
fusion strategies for rainy conditions.

3. Methodology

3.1 Data Preprocessing and Augmentation
This study uses the DAWN dataset, which contains 10,000 
vehicle images under various rainy conditions (light rain, 
moderate rain, heavy rain) and lighting conditions. The 
preprocessing pipeline includes:
1. Image denoising: Non-local means (NLM) algorithm 
is used to remove raindrop noise by computing weighted 
averages of similar regions.
2. Contrast enhancement: CLAHE (Contrast Limited 
Adaptive Histogram Equalization) improves image clarity, 
especially for low-contrast rainy images.
3. Data augmentation: Randomly adding simulated rain-
drops and adjusting brightness generates diverse training 
samples.

3.2 Improved YOLO-Rain Algorithm
The proposed YOLO-Rain algorithm improves upon 
YOLOv5 with the following optimizations:
· Spatial Attention Module (SAM): Enhances focus on ve-
hicle contours by computing importance weights for each 
feature map location.
· Raindrop Restoration Module (RRM): A lightweight 
U-Net structure removes raindrop artifacts in real-time.
· Multi-scale feature fusion: Combines Feature Pyramid 
Network (FPN) and Path Aggregation Network (PAN) to 
improve small object detection.

3.3 Multi-modal Data Fusion Strategy
To address the limitations of single visual sensors, this 
study proposes a multi-modal fusion strategy combining 
visual data and millimeter-wave radar point clouds:
1. Data alignment: Calibration matrices synchronize im-
age and radar coordinate systems.
2. Feature-level fusion: Cascaded neural networks extract 
visual (RGB) and radar (distance, speed) features, fused 
via fully connected layers.
3. Decision-level fusion: A weighted voting mechanism 
integrates detection results from both modalities, reducing 
false detection rates.
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4. Experiments and Results

4.1 Experimental Setup
· Hardware: NVIDIA RTX 3090 GPU, Intel i9-12900K 
CPU;
· Software: PyTorch 1.12, OpenCV 4.7;

· Evaluation metrics: mAP (mean average precision), FPS 
(frames per second), Recall.

4.2 Experimental Results
The results show that YOLO-Rain significantly outper-
forms baseline models in heavy rain scenarios:

Model mAP (%) FPS Recall (%)
YOLOv5 77.4 45 72.1
Faster R-CNN 81.2 28 76.8
YOLO-Rain (Proposed) 89.7 38 85.3

The multi-modal fusion strategy further reduces the false 
detection rate to 4.2%, outperforming single-modality 
models (9.8%).

4.3 Ablation Studies
· SAM module: Improves mAP by 6.2%;
· RRM module: Increases Recall by 8.5%;
· Multi-modal fusion: Boosts F1 score by 11.7%.

5. Discussion
This study effectively addresses vehicle recognition chal-
lenges in rainy environments through algorithm optimiza-
tion and multi-modal fusion. However, challenges remain:
1. Extreme weather generalization: Performance drops to 
76.4% in heavy rain and nighttime scenarios.
2. Real-time optimization: Multi-modal fusion increases 
computational latency by 15%.
3. Data annotation costs: The DAWN dataset requires fur-
ther expansion of long-tail scenarios.
Future work will explore knowledge distillation and 
semi-supervised learning to reduce annotation dependen-
cy.

6. Conclusion
This study proposes an intelligent vehicle recognition 
framework optimized for rainy environments, significantly 
improving detection performance under complex weather 
conditions. Experimental results validate the algorithm’s 
effectiveness in real-world scenarios, providing technical 
support for all-weather applications of intelligent trans-
portation systems.

7. Further Research and Outlook
Potential future directions include:
1. Extreme weather generalization: Multi-task learning 
and domain adaptation techniques.
2. Real-time optimization: Model compression and hard-

ware acceleration.
3. Data annotation and expansion: Semi-supervised learn-
ing and synthetic data generation.
4. Multi-modal fusion optimization: End-to-end fusion 
models and dynamic fusion strategies.

8. Practical Applications
The proposed algorithm can be applied to:
1. Intelligent traffic management systems: Real-time mon-
itoring of vehicle flow and road conditions.
2. Autonomous driving systems: Enhanced safety and reli-
ability in rainy environments.
3. Drone surveillance: Improved target detection in ad-
verse weather.
4. Smart security systems: Accurate identification of sus-
picious vehicles and individuals.

9. Summary
This study significantly improves vehicle recognition ac-
curacy and robustness in rainy environments through deep 
learning optimization and multi-modal fusion. Future 
research will focus on generalization, real-time perfor-
mance, and data efficiency to advance intelligent transpor-
tation and autonomous driving technologies.
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