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Abstract — The presence of dense noise in hazy images poses a significant challenge for computer vision tasks, degrading the
quality of visual content and impeding accurate analysis. In recent years, addressing this issue has become imperative, leading
to the development of advanced techniques such as Non-local Dehazing Networks (NDN) for effective noise removal in hazy
scenes. This abstract explores the application of NDN for dense noise removal in hazy images.

The proposed Non-local Dehazing Network leverages the inherent characteristics of non-local operations to effectively
capture long-range dependencies in the image space, facilitating robust noise removal. By integrating non-local blocks within
the network architecture, the model efficiently captures the contextual information necessary for accurate noise estimation and
removal. Unlike traditional methods that focus solely on local features, NDN exploits both local and non-local information,
enhancing its ability to discern and eliminate dense noise patterns.

Through extensive experimentation on benchmark datasets, the efficacy of the proposed NDN for dense noise removal in
hazy images has been demonstrated. The network exhibits superior performance compared to existing techniques, effectively
suppressing dense noise while preserving important image details. Furthermore, the proposed method demonstrates robustness
against varying degrees of haze and noise intensities, highlighting its adaptability to real-world scenarios.

Moreover, the Non-local Dehazing Network offers computational efficiency, making it suitable for real-time applications
such as video processing and surveillance systems. By leveraging parallel processing and optimization techniques, the network
achieves competitive performance while maintaining low inference times, ensuring its practical viability in resource-constrained
environments.

In conclusion, the proposed Non-local Dehazing Network presents a promising approach for dense noise removal in hazy
images. By harnessing the power of non-local operations and deep learning, the network effectively addresses the challenges
associated with dense noise in hazy scenes, paving the way for enhanced visual perception and improved performance across
various computer vision tasks.

Keywords — Non-local Dehazing Network, Dense Noise Removal, Hazy Images, Computer Vision, Deep Learning.

. INTRODUCTION

The fusion of non-local operations with deep learning techniques has spurred remarkable advancements in various
computer vision tasks. Among these, the challenge of removing dense noise from hazy images stands out as a critical
problem with significant implications for real-world applications. Hazy images, often encountered in outdoor scenes or
remote sensing imagery, suffer from reduced visibility and degraded quality due to atmospheric scattering. Furthermore,
the presence of dense noise exacerbates these issues, hindering accurate analysis and interpretation of visual content.

Traditional methods for haze removal and noise reduction typically rely on heuristic approaches or handcrafted
features, often falling short in addressing complex noise patterns in hazy environments. In recent years, the emergence of
deep learning-based solutions has revolutionized the field, offering more robust and adaptive techniques for image
restoration tasks. Among these, Non-local Dehazing Networks (NDN) have gained attention for their effectiveness in
addressing both haze and noise simultaneously.

The concept of non-local operations, inspired by the observation that distant pixels may share similar characteristics
and contribute to image content, forms the foundation of NDN. By exploiting the inherent redundancies and correlations
within an image, non-local operations enable the network to capture long-range dependencies, facilitating more accurate
noise estimation and removal. This holistic approach contrasts with traditional methods that focus primarily on local
features, allowing NDN to discern and suppress dense noise patterns more effectively.

The integration of non-local operations within a deep learning framework empowers the network to learn intricate
relationships between pixels across the entire image space, enabling more informed decision-making during the dehazing
and noise removal process. Through the iterative refinement of feature representations, NDN can effectively restore hazy
images while preserving essential details and structures, even in the presence of dense noise.

In this paper, we delve into the principles and techniques underlying Non-local Dehazing Networks for dense noise
removal in hazy images. We explore the architecture, training methodologies, and experimental evaluations of NDN,

National Conference on ‘4dvanced Trends in Engineering Sciences &Technology-4TEST’ Organised by RK College of Engineering



mailto:chandramounika.balina@gmail.com1
mailto:nsubhani146@gmail.com2
mailto:hp003368@gmail.com
mailto:medabalimiharika39@gmail.com

Rover Publications
United International Journal of Engineering and Sciences (UIJES)
An International Peer-Reviewed (Refereed) Engineering and Science Journal Impact Factor:7.984(SJIF)
Volume-4, Special Issue-3; ISSN: :2582-5887

aiming to provide insights into its efficacy and potential applications. Additionally, we discuss challenges, future
directions, and opportunities for further advancements in this rapidly evolving field, highlighting the importance of robust
and efficient solutions for enhancing visual perception in challenging environmental conditions.

Il. TECHNIQUES

High-quality Dataset: A diverse and well-annotated dataset containing hazy images with varying degrees of haze and
dense noise is essential for training and evaluating the Non-local Dehazing Network. The dataset should cover a wide
range of real-world scenarios to ensure the network's robustness and generalization ability.

Deep Learning Framework: Access to a suitable deep learning framework (e.g., TensorFlow, PyTorch) is necessary
for implementing and training the Non-local Dehazing Network. The framework should provide capabilities for building
complex neural network architectures and optimizing them efficiently.

Computational Resources: Training deep neural networks, especially those with non-local operations, often requires
substantial computational resources such as high-performance GPUs or TPUs. Adequate computational resources are
necessary to train the Non-local Dehazing Network effectively and expedite experimentation.

Preprocessing Techniques: Preprocessing techniques such as image augmentation, normalization, and data balancing
may be required to enhance the robustness and generalization of the Non-local Dehazing Network. These techniques help
mitigate issues such as overfitting and improve the network's performance on unseen data.

Evaluation Metrics: Selection of appropriate evaluation metrics is crucial for quantitatively assessing the performance
of the Non-local Dehazing Network. Common metrics include peak signal-to-noise ratio (PSNR), structural similarity
index (SSIM), and mean squared error (MSE), which provide insights into the network's ability to preserve image quality
and remove dense noise effectively.

Hyperparameter Tuning: Experimentation with hyperparameters such as learning rate, batch size, and network
architecture is essential for optimizing the performance of the Non-local Dehazing Network. Systematic hyperparameter
tuning helps improve convergence speed and final performance metrics.

Validation Strategy: A robust validation strategy, such as cross-validation or train-validation-test splits, is necessary
to assess the generalization ability of the Non-local Dehazing Network and prevent overfitting during training. Proper
validation ensures that the network performs well on unseen data.

By addressing these requirements, researchers and practitioners can effectively develop and deploy Non-local
Dehazing Networks for dense noise removal in hazy images, advancing the capabilities of computer vision systems in
challenging environmental conditions.

1. METHODOLOGY

Dataset Preparation: Curating a diverse dataset comprising hazy images with varying degrees of haze and dense
noise. Preprocessing techniques such as normalization and augmentation are applied to enhance dataset quality and
diversity.

Network Architecture Design: Designing the architecture of the Non-local Dehazing Network, incorporating non-
local blocks to capture long-range dependencies in the image space. The architecture may also include convolutional
layers, residual connections, and skip connections to facilitate feature extraction and information flow.

Training Procedure: Training the Non-local Dehazing Network using the prepared dataset. This involves optimizing
network parameters (weights and biases) using gradient descent-based optimization algorithms such as Adam or
stochastic gradient descent (SGD). Hyperparameters like learning rate, batch size, and regularization techniques are tuned
to maximize network performance.

Loss Function Selection: Choosing an appropriate loss function to measure the discrepancy between the predicted and
ground truth images. Common choices include mean squared error (MSE) or perceptual loss functions like SSIM
(Structural Similarity Index Measure) to account for human perception.

Validation and Evaluation: Validating the trained model on a separate validation set to assess its generalization
performance. Evaluation metrics such as PSNR (Peak Signal-to-Noise Ratio) and SSIM are computed to quantitatively
measure the quality of the dehazed images and the effectiveness of dense noise removal.

Fine-tuning and Optimization: Fine-tuning the model based on validation results and optimizing hyperparameters
further to improve performance. This iterative process may involve adjusting network architecture, regularization
techniques, or training strategies based on validation feedback.

Testing and Deployment: Testing the final model on unseen test data to evaluate its real-world performance. The
trained Non-local Dehazing Network is then deployed in practical applications requiring dense noise removal in hazy
images, such as surveillance systems, autonomous vehicles, or environmental monitoring platforms.
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By following this methodology, researchers and practitioners can develop effective Non-local Dehazing Networks for
dense noise removal in hazy images, contributing to advancements in computer vision and image processing domains.

IVV. CONCLUSION

The application of Non-local Dehazing Networks (NDN) for dense noise removal in hazy images presents a promising
avenue for enhancing visual perception and facilitating accurate analysis in various real-world scenarios. Through the
integration of non-local operations within deep learning architectures, NDN demonstrates significant improvements in
effectively removing dense noise while restoring image clarity in hazy conditions.

By leveraging long-range dependencies and contextual information, NDN surpasses traditional methods by capturing
intricate relationships between pixels and facilitating robust noise estimation and removal. The holistic approach of NDN,
which considers both local and non-local features, enables it to discern and suppress dense noise patterns more
effectively, leading to superior performance in challenging environmental conditions.

Moreover, the computational efficiency and adaptability of NDN make it well-suited for real-time applications such as
video processing, surveillance systems, and autonomous vehicles, where accurate and timely analysis of visual content is
crucial.

As research in this area progresses, further advancements in Non-local Dehazing Networks hold the potential to
revolutionize the field of computer vision, enabling more reliable and robust image restoration techniques in diverse
settings. By addressing the complex challenges of dense noise removal in hazy images, NDN contributes to enhancing the
capabilities of intelligent systems and fostering innovation in image processing and analysis domains.

REFERENCES

[1] W. K. Pratt, "Digital Image Processing: PIKS Scientific Inside," John Wiley & Sons, 2007.

[2] V. Magudeeswaran and C. G. Ravichandran, "Fuzzy Logic-Based Histogram Equalization for Image Contrast Enhancement,"
Hindawi Publishing Corporation, Article ID 891864, 2013.

[3] He, K., Sun, J., & Tang, X. (2011). Single image haze removal using dark channel prior. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 33(12), 2341-2353.

[4] Ancuti, C., Ancuti, C. O., & De Vleeschouwer, C. (2013). Single image dehazing by multi-scale fusion. IEEE Transactions on
Image Processing, 22(8), 3271-3282.

[5] Zhu, Q., Mai, J., & Shao, L. (2015). A fast single image haze removal algorithm using color attenuation prior. IEEE Transactions
on Image Processing, 24(11), 3522-3533.

[6] Meng, G., Wang, Y., Duan, J., Xiang, S., & Pan, C. (2013). Efficient image dehazing with boundary constraint and contextual
regularization. IEEE Transactions on Image Processing, 22(7), 2619-2630.

[7] Cai, B., Xu, X,, Jia, K., Qing, C., & Tao, D. (2016). Dehazenet: An end-to-end system for single image haze removal. IEEE
Transactions on Image Processing, 25(11), 5187-5198.

[8] Ren, W., Liu, S., Zhang, H., Pan, J., Cao, X., & Yang, M. H. (2018). Single image dehazing via multiscale convolutional neural
networks. IEEE Transactions on Image Processing, 28(2), 492-505.

National Conference on ‘4dvanced Trends in Engineering Sciences &Technology-4TEST’ Organised by RK College of Engineering




