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Abstract — Haze significantly degrades the visual quality of 

videos, hindering the performance of various vision-based 

applications. While deep learning techniques have shown 

promise in video dehazing, many existing methods apply a 

uniform dehazing effect across the entire video frame, often 

leading to over-enhancement in clear regions and insufficient 

dehazing in hazy regions. This paper presents an adaptive 

video dehazing method that addresses this limitation by 

incorporating a Haze Density Estimation Module. This 

module analyzes the input video frames to estimate the spatial 
distribution of haze. The estimated haze density maps are 

then used by a modified Region Attention Module to 

adaptively focus the dehazing process, applying stronger 

dehazing in denser regions and preserving details in clearer 

regions. Experimental results demonstrate that the proposed 

method effectively removes haze while preserving image 

details, outperforming existing global dehazing approaches 

both qualitatively and quantitatively. This adaptive approach 

offers significant potential for enhancing video clarity in 

applications where haze is non-uniformly distributed.  
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I. INTRODUCTION 

Haze, a prevalent atmospheric phenomenon, significantly 
degrades the visual quality of videos, impacting a wide range 

of applications from autonomous systems to surveillance. 

The scattering and absorption of light by airborne particles 

lead to reduced contrast, color distortion, and a loss of crucial 

details, hindering both human interpretation and the 

performance of computer vision algorithms. While effective 

haze removal is essential for enhancing video clarity and the 

reliability of vision-based systems, achieving robust dehazing 

in diverse real-world scenarios remains a significant 

challenge. Traditional methods often struggle with non-

uniform haze and complex atmospheric conditions, while 
many existing deep learning approaches apply a global 

dehazing effect, overlooking the spatial variations within a 

scene. To address the limitations of global dehazing, this 

paper introduces an adaptive video dehazing framework. Our 

key contribution lies in the integration of a dedicated Haze 

Density Estimation Module, which analyzes each input video 

frame to generate a spatial map representing the estimated 

haze density. This information is then utilized by a modified 

Region Attention Module to guide the dehazing process. By 

focusing the network's attention on regions with higher 

estimated haze, our method applies more intensive dehazing 

where needed while preserving details in clearer areas. This 
spatially adaptive approach promises to yield more visually 

plausible and quantitatively superior dehazed video 

sequences, particularly in challenging scenarios with non-

uniform haze distribution. 

II. LITERATURE SURVEY 

In the realm of video processing, researchers have explored 

various techniques to address specific challenges. Kulkarni et 

al. (2023) introduced a unified model designed for visibility 
restoration across multiple weather conditions, including fog, 

haze, and rain, moving beyond methods focused on single 

conditions and utilizing deep learning with a combination of 

prior-based and learning-based approaches. Yan (2020) 

tackled optical flow estimation in dense foggy scenes by 

employing semi-supervised learning, leveraging synthetic 

datasets and achieving improved accuracy in foggy 

conditions. Furthermore, See et al. (2020) proposed a cyclic 

mechanism for semi-supervised video object segmentation, 

enabling the model to revisit frames and refine its output with 

limited annotated data, demonstrating significant 
improvements on standard benchmarks. 

III. METHODOLOGY 

The methodology comprises several key modules that work 

in concert to effectively remove haze while preserving 

important image details.  

A. Pre-processing: 

The input hazy video frames undergo a series of pre-

processing steps to prepare them for subsequent processing. 

These steps include:  

1) Noise Reduction: A Gaussian smoothing filter is applied 

to reduce noise present in the input frames. This filter, 

implemented using standard convolution operations, 

smooths the image by averaging pixel values within a 

local neighborhood, effectively reducing high-frequency 
noise.  

2) Image Resizing: The input frames are resized to a 

consistent resolution of 256x256 pixels using bilinear 

interpolation. This resizing, achievable through 

TensorFlow's `tf.image.resize` function, ensures 

uniformity in the input data and manages computational 

load. 

3) Format Conversion: The video frames are converted to 

TensorFlow tensors with pixel values normalized to the 

range [0, 1]. This normalization, performed by dividing 

pixel values by 255, is a standard practice for deep 
learning models. 

B. Haze Density Estimation Module: 

A crucial component of our framework is the Haze Density 

Estimation Module, which estimates the spatial distribution 

of haze. We utilize a simplified approach based on the DCP, 

focusing on its core principle for computational efficiency. 
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The haze density, t(x), at a pixel x is estimated within a local 
patch. The haze density map is calculated as: 

 

C. Modified Region Attention Module: 

The estimated haze density map is incorporated into a 

Convolutional Attention Module. This module refines feature 

maps based on both their original content and the haze density 

information. 

1) Convolutional Attention: Attention weights are 

generated using convolutional layers. The input feature 

maps and the haze density map are concatenated and 

passed through a series of `tf.keras.layers.Conv2D` 

layers to produce attention weights.  

2) Feature Refinement: The original feature maps are then 
multiplied by these attention weights to emphasize haze-

relevant features. This module focuses the network's 

processing on regions identified as having higher haze 

density.  

D. CNN Basic Feature Capture:  

A Convolutional Neural Network (CNN) is employed to 

extract basic features from the input video frames. The CNN 

architecture comprises a sequence of tf.keras.layers.Conv2D 

layers, each followed by a ReLU activation function. 

Convolutional Layers: Each convolutional layer 

performs a convolution operation, which involves sliding a 

kernel (a small matrix of weights) over the input feature maps 

and computing a weighted sum. The output of a convolutional 

layer at location (i,j) in the k-th feature map, can be 

represented as: 

 
ReLU Activation: The ReLU (Rectified Linear 

Unit) activation function is applied element-wise to the 
output of each convolutional layer. It introduces non-

linearity, allowing the network to learn more complex 

functions. The ReLU function is defined as: 

 

E. Multi-Level Feature Processing: 

 To capture features at different scales, we utilize 

MaxPooling2D layers. 

1) MaxPooling: MaxPooling downsamples the feature 

maps by dividing them into non-overlapping regions and 

taking the maximum value within each region. This 

reduces the spatial dimensions of the feature maps and 

makes the network more robust to small translations in 

the input. The MaxPooling operation can be expressed 

as: 

 

F. Frame Sequence Consistency: 

While the core of our approach focuses on frame-by-frame 
processing, we incorporate a simple mechanism to encourage 

temporal consistency.  

1) Feature Averaging: To smooth the feature 

representations over time, we average the feature maps 

from a small number of adjacent frames. Given a 
sequence of feature maps at time t, the temporally 

averaged feature map is calculated as: 

 

G. Edge-Enhancement Module: 

Edge enhancement is performed using a convolutional filter.  

1) Convolutional Sharpening: A convolutional layer with a 

fixed kernel designed to sharpen edges is applied to the 

output frames. This kernel, similar to an unsharp 

masking operation, is implemented using `tf.nn.conv2d`.  

a) Unsharp Masking Concept: Unsharp masking 

enhances edges by subtracting a blurred version of 

the image from the original image and adding the 

resulting detail image back to the original. 

b) Convolutional Implementation: This can be 

approximated by a single convolutional layer with a 
specific kernel. A common sharpening kernel is: 

kernel = np.array([[-1, -1, -1], [-1, 9, -1], [-1, -1, -1]]) 

This kernel emphasizes the center pixel while 

suppressing its neighbors, effectively highlighting edges. 

c) Convolution Operation: The sharpening operation is 

performed using tf.nn.conv2d: 

 

H. Post-processing: 

Post-processing involves standard image operations:  

1) Format Conversion: Conversion of the processed 

TensorFlow tensors back to image formats (e.g., using 

`tf.image.convert_image_dtype`). 

IV. SYSTEM ARCHITECTURE 

The overall architecture of the proposed adaptive video 
dehazing framework is illustrated in Figure 4.1. The system 

comprises several key modules that operate sequentially to 

achieve effective haze removal. Initially, the input hazy video 

frames undergo a series of pre-processing steps, including 

noise reduction, image resizing, and format conversion, to 

prepare the data for subsequent processing. The core of the 

framework lies in the integration of the Haze Density 

Estimation Module, which analyzes the pre-processed frames 

to generate spatial haze density maps. These maps, 

representing the estimated haze level at each pixel location, 

are then fed into the Modified Region Attention Module. This 
module adaptively refines the feature representations 

extracted by a CNN, focusing on regions with higher haze 

density. The resulting enhanced feature maps are further 

processed through multi-level feature extraction and frame 

sequence consistency modules to capture both spatial and 

temporal information. Finally, an edge-enhancement module 

sharpens the dehazed frames, and post-processing steps are 

applied to prepare the output video. 
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Fig. 4.1: System Architecture 

V. TRAINING DETAILS 

A. Dataset: 

The REVIDE dataset, introduced by researchers to enable 

supervised learning in real-world video dehazing, was created 

using a specialized acquisition system. This system was 

designed to simultaneously record hazy videos and their 

corresponding haze-free counterparts of the same scenes. The 

dataset consists of 50 indoor video recordings, divided into a 

training set of 42 videos and a testing set of 8 videos, 
specifically for the development and evaluation of supervised 

dehazing models. 

B. Loss Functions: 

During the training of our proposed network, we employ a 

combination of the L1 loss and a perceptual loss (Lp) to 

optimize the network's parameters. The roles of these loss 
functions are detailed below: 

− L1 Loss: This loss function is designed to minimize the 

average absolute difference in pixel values between the 

restored (or output) frames. Essentially, it encourages the 

network to produce output frames that are pixel-wise 

close to the ground truth. The L1 loss is calculated as: 

 
− Perceptual Loss (Lp): To enhance the perceptual realism 

of the dehazed video, we incorporate a perceptual loss. 

This loss measures the difference between the output and 

ground-truth frames at the feature level, utilizing feature 

representations extracted from various layers of a pre-

trained VGG-16 network. Instead of comparing raw 

pixel values, it compares high-level features that are 

more indicative of human visual perception. The 

perceptual loss is computed as: 

 
− Total Loss: The overall loss function used to train the 

network is a weighted combination of the L1 loss and the 

perceptual loss: 

 

VI. RESULT 

The quantitative performance of our proposed video dehazing 

method was evaluated on the REVIDE dataset and compared 
against several state-of-the-art techniques. The results of this 

comparison, measured in terms of average Peak Signal-to-

Noise Ratio (PSNR) and Structural Similarity Index Measure 

(SSIM), are summarized below.  

Our method achieved a leading average PSNR of 

25.35 dB, demonstrating its effectiveness in accurately 

restoring hazy video frames. In comparison, other high-

performing methods such as MAP-Net  and LRNet achieved 

PSNR values of 24.16 dB and 23.89 dB, respectively, 

indicating that our approach provides a noticeable 

improvement in pixel-level reconstruction accuracy. While 

our method excels in PSNR, it also maintains a competitive 
SSIM score of 0.902, signifying strong structural similarity 

between the dehazed and ground truth videos. This is 

comparable to the highest SSIM score of 0.904 achieved by 

MAP-Net . Older methods like DCP  and GDN showed 

significantly lower performance, with PSNR values of 11.03 

dB and 19.69 dB, respectively, highlighting the 

advancements made in video dehazing through recent deep 

learning techniques. Overall, the quantitative results 

demonstrate that our proposed method effectively removes 

haze while preserving both pixel-level accuracy and 

structural fidelity.    

 

 
Fig. 6.1: Output Frames 

As depicted in Figure 6.1, the first frame illustrates 

the hazy input, the second frame shows the output of our 

system, and the third frame represents the ground truth. 

VII. CONCLUSION 

This research introduced a new approach for enhancing the 

visual clarity of videos affected by haze. By estimating the 

density of haze at different spatial locations, our system 
directs its processing capabilities towards the most obscured 

regions. This targeted allocation of resources ensures 

effective removal of atmospheric haze while simultaneously 

striving to maintain the integrity of image details in clearer 

areas. Evaluations conducted on the REVIDE dataset indicate 

that the proposed technique achieves a robust level of 

performance when compared with existing video dehazing 

methodologies. The outcomes of this study suggest that 
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employing haze density estimation as a guiding mechanism 
offers a promising avenue for future advancements in the 

field of video restoration under adverse weather conditions. 
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