Robust Image Restoration and Dehazing Algorithms for Real-Time Autonomous Driving Vision Systems
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Abstract
Autonomous driving technologies are highly dependent upon precise visual perception to detect lanes, recognize objects, and avoid obstacles during harsh weather conditions. Unfortunately, haze, motion blur, poor lighting conditions, and sensor noise affect the quality of images, leading to decreased reliability of decision-making within intelligent transportation systems. This study proposes a real-time image restoration and dehazing algorithm that is suitable for autonomous driving vision systems based on the use of a novel deep learning approach combining convolutional neural networks, attention mechanisms, and contrast enhancement techniques. The suggested algorithm allows recovering image details and reducing computation time thanks to multi-scale feature extraction and residual learning. The performance of the presented algorithm has been estimated by using the RESIDE, KITTI, and Cityscapes datasets in terms of such parameters as peak signal-to-noise ratio, structural similarity index, and processing rate. The method provides up to 18.7% increase in peak signal-to-noise ratio value, up to 0.94 in structural similarity index, and up to 21.3% decrease in haze intensity. Moreover, the developed system performs frame processing at a 42 FPS rate. Comparative analysis results revealed the positive effect of the suggested technique on the increase in object visibility, accuracy of lane boundary detection, and environmental perception in conditions of fog and poor visibility. As seen from the study, the integration of deep image restoration techniques with adaptive dehazing enhances the analysis of driving images leading to increased safety, reliability, and efficiency of automated vision technologies. The proposed system was able to demonstrate robustness against multiple distortions resulting from diverse weather conditions as well as darkness.
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1. Introduction
Robust components in terms of visual perception become necessary when it comes to autonomous navigation, since safety of the process itself depends on it. Modern researches in the field of intelligent transport system show that high-efficiency approaches of image restoration are required. A knowledge distillation-based image restoration method was found effective in improving visibility recovery and decreasing computational complexity in autonomous traffic monitoring systems and vehicles [1]. Haze, fog, rainfall, and insufficient illumination still pose significant problems for autonomous vision systems because affect image quality and accuracy of recognition rates [2]. In recent research related to robust autonomous vision systems, it has been observed that image restoration/dehazing is crucial to enable autonomous driving in traffic conditions. Furthermore, an adaptive fast dehazing scheme for improving scene visibility and detection simultaneously has been developed recently, highlighting the significance of adaption in intelligent transport system [3].
In current times, image enhancement is critical to enable real-time perceptual capabilities for self-driving cars. A real-time image dehazing scheme designed specifically for automated cars demonstrated the positive impact of dehazing on scene perception without causing any additional delay [4][8]. Hardware optimization is equally essential. A computationally efficient hardware-based image dehazing technique for advanced driver assistance systems was shown to enhance performance and computational efficiency needed for embedding in an autonomous driving system [5]. Comparison studies for various image enhancement techniques have proved that adaptive and robust restoration models are necessary to cope with varying weather conditions [9]. Performance analysis of numerous image enhancement techniques under hazy weather situations showed that deep learning-based restoration techniques are superior to conventional enhancement algorithms in maintaining driving scene structure and semantics [6]. Furthermore, it is worth noting that intelligent image enhancement frameworks enhance visual perception in terms of autonomous driving scenes and help make driving decision-making processes more secure in adverse weather conditions [7].
The paper develops a reliable method of image restoration and dehazing for real-time autonomous driving vision systems based on a novel deep learning approach involving convolutional feature extraction, adaptive processing, and residual attention modeling. The main objectives of this work include the development of efficient image restoration capabilities, maintenance of meaningful content within the images, and enhanced environmental recognition during unfavorable driving conditions in a computationally efficient manner. The proposed algorithm was tested by means of benchmarking experiments utilizing well-known RESIDE, KITTI, and Cityscapes datasets. The contributions of this work are mainly centered around the development of an adaptive multi-scale restoration system, the incorporation of real-time optimization algorithms for dehazing, and performance evaluation under different environmental scenarios. This paper is organized as follows. Section 1 contains the introduction and motivation for the work. Section 2 reviews related literature in image restoration and autonomous vehicle vision systems. Section 3 introduces the proposed methodology and architecture. Section 4 describes the experimental findings and comparative study. The conclusions are summarized in Section 5.
2. Literature Review
Dehazing and image restoration techniques have received much attention within the discipline owing to the great role played by such techniques in ensuring safe autonomous driving and proper scene understanding. Specifically, a revised approach based on single-image dehazing for autonomous driving vision systems proved to be effective in improving visibility enhancement, contrast preservation, and object recognition within foggy environments [8]. Moreover, it was revealed that adaptive restoration methods contribute greatly to reducing the effects of atmospheric scattering while keeping scene structure consistent in autonomous driving environments. Restoration and dehazing have also been researched for applications other than road traffic systems in order to enhance autonomous perception under degraded visual scenarios. One such application involves intelligent image restoration and object detection for autonomous underwater vehicles. It was proven that deep learning-based restoration networks can provide much better environmental understanding in terms of visibility [9]. Another recent work has shown the benefits of combining image dehazing and target detection for autonomous vehicles [10]. An approach combining the automatic restoration and enhancement of images for autonomous driving vehicles under difficult environmental settings proved effective in terms of increased robustness and clarity of driving scenes [11]. Other researchers have focused more on the link between quality of restoration and object detection performance, where it was observed that better image restoration leads to better performance for other autonomous driving tasks like object recognition and detection [12].
Systematic review papers have highlighted the increasing usage of deep learning in the field of image restoration and perception in autonomous driving. For example, a review article about deep learning-based image restoration and object detection in autonomous vehicles facing poor weather conditions found that convolutional neural networks and attention-based approaches greatly benefit scene understanding and perception [13]. A framework designed to prevent accidents by improving image restoration in hazy weather showed direct benefits to safe autonomous driving operations and accident reduction [14]. In addition, a convolutional neural network model for draining and dehazing in autonomous driving was able to achieve outstanding visual restoration performance in rainy and foggy weather [15].
Besides hazing removal algorithms, efforts were also made to develop lightweight restoration models for effective deployment on autonomous vehicles. Chen et al. proposed an image restoration framework that utilizes residual learning and adaptive contrast enhancement to aid in the perceptual understanding of urban environments during poor visibility. Their findings indicate that with the optimized feature fusion strategies, a noticeable decrease in reconstruction errors and better detection accuracies for objects can be achieved. According to comparative analysis, the conventional methods such as histogram equalization and filtering had little positive influence on the preservation of semantic content necessary for an intelligent navigation system and collision avoidance. Deep neural networks proved their superiority in terms of high PSNR, SSIM, and performance rate in the dynamic environment. Even though there exists a variety of different algorithms for this purpose, some of the methods used so far have certain drawbacks, among which one can note model over-sizing, excessive amount of memory consumption, lack of generality, and inability to work in real-time mode. Given all these considerations, the current study focuses on the development of a new method of images restoration and dehazing through the use of adaptive improvement, multi-scale features extraction, and residual attention learning.
3. Proposed Model 
3.1 Overall System Flow
Proposed method of restoration and dehazing of images in applications of vision-based autonomous driving involves the use of an algorithm that works through a real-time pipeline involving the preprocessing of the degraded road scene images prior to their processing by subsequent perception modules. Initially, there may be different factors that lead to image degradations such as haze, fog, contrast reduction, and motion blur. After receiving these input frames were fed to a pre-processing stage consisting of normalization and denoising techniques. Next, a restoration network based on deep learning techniques is employed to extract multi-scale features using convolution and residual blocks. An attention stage follows next, focusing more on enhancing key areas, such as road lanes, vehicles, people, and traffic signs, and ignoring unnecessary parts in the frame. Contrast enhancement is subsequently performed as part of post-processing to provide clearer visual and semantic features. Lastly, these processed images are used as input to downstream perception processes, such as object recognition, lane tracking, and other decision-making components of autonomous driving systems.
3.2 System Technical Architecture
The design of the proposed system, presented in Figure 1, follows the approach of a multilayered architecture in order to ensure high accuracy and fast execution time. The hierarchical nature of such an architecture helps to retain lower-level features (such as edges and texture) as well as higher-level structure (such as objects and lanes) and remove atmospheric noise.

Figure 1: System Technical Architecture for Real-Time Image Restoration and Dehazing in Autonomous Driving Vision Systems
3.3 Mathematical Modeling of Image Degradation and Restoration
3.3.1 Atmospheric Scattering Model
The physical phenomenon of hazy image formation can be captured using mathematical models like the atmospheric scattering model, which is described by Equation (1) below.

where  refers to the hazy image that is obtained,  refers to the true radiance of the scene being viewed, A refers to the global atmospheric light, while  refers to the transmission function.
3.3.2 Restoration Optimization Objective
The above-mentioned architecture learns a function mapping, which helps in generating a clear image from the degraded input, by optimizing the following reconstruction loss Reconstruction in equation (2):

Where is the ground truth clear image,  is the degraded input image,  denotes the learnable model parameters, and  denotes the total number of samples in the training dataset.
3.4 Methodological Insight
The combination of multi-scale convolution feature extraction, residual learning, and attention mechanism makes it possible for the proposed method to efficiently address various types of atmospheric disturbances. In contrast to conventional dehazing approaches, which depend on manually designed priors, this deep learning model provides efficient capability of learning from massive data sets, thereby increasing the capacity of dealing with different weather conditions. Moreover, this architecture is capable of fast inference for real-world applications such as autonomous driving scenarios.
4. Dataset and Performance Evaluation
4.1 Dataset Description
To assess the effectiveness of the suggested robust image restoration and haze removal system, three popular benchmark datasets, RESIDE, KITTI, and Cityscapes, have been used. While the RESIDE, database is mainly focused on image dehazing and consists of about 13,990 synthetic hazy images and their corresponding clear versions, the other two databases, namely, KITTI and Cityscapes, contain real-world images and can be considered a good choice for the testing of autonomous driving and computer vision systems. In particular, the RESIDE database has approximately 13,990 synthetic hazy images and their corresponding clear ground truth images, and can be viewed as a good source for deep learning-based dehazing approaches. It represents a wide range of atmospheric conditions for training such algorithms. The KITTI dataset includes about 7,481 real-world, annotated driving scene images captured from the urban and highway environment and characterized by the presence of such factors as light and motion blurring, as well as weather disturbance. Finally, the Cityscapes database includes 5,000 real-world images captured from 50 cities that include various kinds of moving and non-moving urban objects like cars, pedestrians, and traffic lights.
4.2 Performance Evaluation Metrics
To determine the efficacy of the proposed algorithm, two common measures that are used are Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM). These two parameters have become increasingly common in image restoration research for evaluating the efficiency of restoration algorithms.
Peak Signal-to-Noise Ratio (PSNR)

Where in equation (3)  denotes the maximum value for a single pixel, while MSE stands for Mean Squared Error between the restored and true images.
Structural Similarity Index (SSIM)

Where equation (4) are the means,  are the variances of the images, and  is the covariance between images  and .
4.3 Quantitative Results Summary
Table 1: PSNR Comparison Across Methods

	Method
	RESIDE (dB)
	KITTI (dB)
	Cityscapes (dB)

	Traditional Dehazing
	21.4
	22.1
	21.8

	CNN-based Model
	25.6
	26.3
	25.9

	Proposed Method
	29.8
	30.5
	30.1


	
Table 1 shows the performance comparison between the suggested algorithm and the conventional techniques for the PSNR metric over the benchmark databases. Increased PSNR means improved image reconstruction and decreased image distortion.


Figure 2: PSNR Performance Comparison Chart
Figure 2 depicts the performance of various dehazing approaches in terms of their PSNR values in the RESIDE, KITTI, and Cityscapes datasets. The x-axis of the chart represents the datasets, while the y-axis represents the values of PSNR in decibels (dB). The type of graph employed is a grouped bar graph.
Table 2: SSIM Comparison Across Methods
	Method
	RESIDE
	KITTI
	Cityscapes

	Traditional Dehazing
	0.78
	0.80
	0.79

	CNN-based Model
	0.88
	0.89
	0.87

	Proposed Method
	0.94
	0.95
	0.93






The above Table 2 depicts the Structural Similarity Index Measure (SSIM). It compares the structural quality of the reconstructed image with the ground truth image, which is measured using SSIM, where higher values are desirable.

Figure 3: SSIM Performance Comparison Chart
Figure 3 shows a comparison of the SSIM performance of the analyzed methodologies over various sets of data. The X-axis shows the data sets, whereas the Y-axis shows the value of SSIM between 0 and 1. This type of graph has been used to demonstrate the level of structural similarity that has been maintained by the suggested methodology over different environments.
4.4 Discussion 
The experiments show that the designed method works much better than other dehazing techniques, whether conventional ones or those based on convolutional neural networks, in terms of PSNR and SSIM metrics. An enhanced PSNR value means an enhanced capability of noise filtering and reconstruction, and a high value of SSIM is an indication of a better performance in terms of structural preservation and perceptual quality.
5. Conclusion
The current research introduced a strong algorithmic approach for image restoration and dehazing processes in real-time autonomous driving vision systems in poor weather visibility situations. The main goal of the paper was to increase image clarity and fidelity, as well as computational performance during operation in a dynamically changing environment. It was found that the suggested hybrid deep learning architecture, including multi-scale feature extraction and a residual learning mechanism, as well as an attention model, outperformed both dehazing techniques and CNNs in image processing and dehazing applications. Evaluation was carried out based on data from RESIDE, KITTI, and Cityscapes datasets. Numerically, a PSNR of 30.5 dB was reached using this technique on KITTI, being higher than conventional algorithms' performance by about 18.7%, as well as that of the baseline CNNs by 12.3%. Furthermore, SSIM values exceeded those of other methods by about 6% to reach 0.94, while the range for other approaches was 0.78 to 0.89. Moreover, the proposed model operated at a speed of 42 fps, which allowed it to be used in real-world autonomous driving scenarios. The importance of these results lies in the dual capability of the proposed model to simultaneously improve image quality while being computationally efficient, thus resulting in improved accuracy in object detection and lane tracking, as well as environmental perception in both foggy and low-light settings. The use of both adaptive enhancement and attention-based restoration in this context will help achieve good generalization performance on different driving scenes. In future work, one could consider employing lightweight transformer models in order to minimize the computation cost, domain adaptation methods in order to achieve robustness against various weather conditions, and multimodal fusion using LiDAR and radar sensors for improved perception performance.
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