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Abstract:  
The most significant issue with visibility in outdoor images is atmospheric haze and inadequate lighting. If 
the haze is dense and the lighting is uneven, the problem becomes more difficult, resulting in poor image 
contrast. This paper provides an integrated method using Contrast Limited Adaptive Histogram 
Equalization(CLAHE) and AOD-net machine learning algorithm to reduce haze and enhance contrast of 
image. As images are pre-processed with CLAHE, a lightweight model efficiently dehazes the image. 
Experiments are conducted utilizing a variety of hazy pictures obtained from RESIDE-β dataset, and 
performance of proposed method was checked by PSNR, SSIM, PIQE, NIQE, BRISQUE, Entropy metrics. 
Results reveal that the suggested technique can successfully restore the contrast of haze affected pictures 
by dehazing them. 

 
Keywords: Computer Vision; Image processing; CLAHE; Convolutional Neural Network; Single Image 
dehazing.  

 
1.   Introduction 
 
For many computer vision applications, poor visibility in inclement weather is a key issue. The majority of 
autonomous surveillance, intelligent cars, outdoor object identification, and other systems presume that the input 
images are clear. Unfortunately, this isn’t always the case in many scenarios, thus increasing visibility is an 
unavoidable duty. The presence of haze significantly decreases the clarity of outdoor photograph taken in bad 
weather, many computer vision applications including detection and recognition, face the problem of haze in 
environment. Haze is caused when sunlight collides with microscopic pollution particles in the air, particles absorb 
certain amount of light and rest is scattered. The image taken in an outdoor scene is also severely damaged due to 
contrast change from original irradiance at the moment of capture [Nishino et al. (2012)]. This is caused mostly 
by the presence of haze, smoke, and fog[Narasimhan and Nayar(2002)]. Such raw images need to be processed 
and dehazed to extract more details from it. Image dehazing techniques can be classified as single image dehazing 
methods and multi-image dehazing methods. Several input photographs are acquired under varied air 
circumstances and processed to remove the haze in the multi-image dehazing approach; the outcomes of this 
method are extremely appealing. The multi-image dehazing's primary flaw is in the acquisition stage. We need to 
capture many input pictures for processing in this phase, therefore this form of dehazing requires a lot of memory, 
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a lot of time, and is extremely tough to complete. On the other hand, single picture dehazing takes only one hazy 
image as input and processes it to remove haze. Lately, few more techniques of dehazing image are introduced 
such as contrast-based and statistical techniques. In contrast-based technique, the haze is eradicated by increasing 
contrast of hazy image whereas, statistical technique leverages the image's depth information to remove haze. In 
this article, the proposed approach, improves the contrast of image as well as dehazes the image by first applying 
CLAHE on hazy input image, then processes it with AOD net machine learning algorithm, which is a 
Convolutional Neural Network (CNN). The main contributions of the paper include: 

We have proposed our own extended convolutional neural network, as per the specific needs to correct the 
over enhanced CLAHE processed image. We have used the method of AOD-Net[Li et al. (2017)] to unify two 
variables namely transmission matrix and atmospheric model into one variable and estimate it to recover the clean 
image. We further dehaze the image by further considering the over enhancement of CLAHE as haze. 

This paper is structured into several sections. Section 2 presents related work and background study, proposed 
method and experimental setup is also elaborated in Section 2. Section 3 shows results explained in three parts 
Subjective, Objective and Graphical respectively . Finally, in section 4  Conclusion and the Future scope of 
proposed method is given.  

2.   Related Work 

In [Soni and Mathur(2020)], Badal et al. proposed a method which fuses CLAHE and Guided filter mechanism. 
First CLAHE was used on the input hazy image, then guided filter mechanism was used to overcome drawbacks 
due to CLAHE, prior to this white balancing was also used on input hazy image before applying proposed method 
to make image look more natural. Results revealed that the method was quite effective but low contrast images 
could not be processed well.  Ansia et al. [Ansia and Aswathy(2015)], suggested a single image dehazing 
technique which primarily uses saliency map of white balanced image along with morphological opening and 
CLAHE for haze removal. The method is simple and does not have complex calculations which result in less time 
complexity.  

In [Liu et al. (2019)], Zheng et al. calculated the unknown parameters in atmospheric scattering model, arguing 
the real relationship between the original and hazy pictures can be rather complicated and the atmospheric 
scattering model may not entirely depict it. They proposed a significant method based on machine learning 
algorithm (CNN). The algorithm restores clear images without adhering to atmospheric scattering model. It helped 
to overcome common drawbacks of other methods like excessive edge sharpening and color darkening.  

In [Qin et al. (2019)], Xu et al. proposed another single image dehazing technique based on the fact that haze 
is distributed unevenly in image therefore different weights should be given to thin and thick haze region pixels. 
When compared to previous state-of-the-art approaches, the suggested network considerably aids in the restoration 
of colour accuracy and picture details.  

In  [Ancuti et al. (2010)], Codruta et al. introduced a single image dehazing technique based on multi scale 
image fusion. From the given hazy input image, two images are generated using Contrast Enhancement and White 
balancing. To avoid loss of details while performing Contrast Enhancement proper weights are applied. In further 
processing Laplacian pyramid and Gaussian pyramid is calculated and all levels are merged, adhering bottom up 
approach. 

Blind Haze Separation[Shwartz et al. (2006)] states outdoor images, proposes less visibility due to attenuation, 
scattering under hazy conditions. A serious issue is that variable spatial minimization of contrast by the airlight 
that is scattered by the atmospheric fog particles, which are received by the camera. By providing a depth map for 
an image, computer vision algorithms have recently demonstrated that pictures contain disruptions such as haze. 
The most important aspect is that such a subtraction functions as a scene recovery of ambient light. It is obtained 
by the recognition of a polarization-filtered picture. The recovery necessitates airlight specifics. Previously, these 
details were obtained by calculating pixels in sky photos in prior investigations. The proposed technique obtains 
an approach for the details that are necessary for the separation of airlight from computations, which are recovered 
in the absence of vision, then the recovery of contrast, without user’s interaction, and also without the reality of 
sky inside frame. 

In [Mei et al. (2019)], Mei et al. seeked to find non-linear transformation between input hazy image and its 
corresponding ground-truth. They suggested a method which can restore 4k image at once without breaking it into 
parts. Their method is based on U-Net like architecture. One of the most often used dehazing techniques is contrast 
enhancement. 

In [Zhang et al. (2017)], Zhang et al. proposed a model based on assumption that attenuation and scattering is 
homogeneous for each channel. The method estimates the airlight for every pixel, eliminates it from processing 
image, then removes the haze by calculating the transmission and intensity of changing illumination. One 
drawback of this method is in the areas of grasses and leaves, where there is some color wrapping.  

In most dehazing algorithms boundaries of image was not preserved properly. To resolve this Yibo[Tan and 
Guoyu Wang(2020)], et al. introduced a new approach based on Markov random field(MRF) and superpixels. 
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The proposed approach also improves the contrast of image. MRF helps to prevent block effect on the edges, thus 
preserving boundary effectively. 

Many approaches for improving image contrast have been presented, which can be classified into direct 
methods and indirect methods. Because of its simplicity and explicitness, histogram equalization approaches have 
been widely used among indirect methods. The basic idea behind HE is to make the enhanced image's histogram 
resemble a uniform distribution so that the image's dynamic range can be fully used [Kotkar and Gharde(2013)]. 
HE increases the image contrast globally by adjusting the image's globally dispersed intensities to improve 
contrast. The more advanced version of HE is CLAHE, which divides the given image into smaller segments and 
Histogram equalization is applied to each segment, also in this method a maximum value known as clip limit is 
used to clip the histogram and redistribute it in respective color space. CLAHE limits the amplification of noise 
in the image so that image appears more natural [Dhariwal (2011)]. The dark channel prior (DCP)[He et al. (2011)] 
is a sort of statistics in which specific pixels in at least one of the RGB channels have an extremely low intensity. 
The intensity of these black pixels in that specific channel is primarily due to air light in hazy photos. As a 
consequence, these black pixels may be used to accurately measure haze transmission in the picture. It recovers a 
clear, haze-free picture and generates a reasonable depth map. users' interaction, as well as the absence of a 
realistic sky within the frame 

Zhang et al.[Zhang et al. (2015)], proposed a haze model for differing light sources, halos. It includes 
transmission map, airlight and halos. The input is an halo image. Then optimization problem divides it into halo 
and halo-free images. Halo-free images required advance processing. Airlight and transmission map estimation is 
major contribution. This is a simple and economical method. However haze-free results are not upto mark 
compared to other methods.  

Manjunath et al.[Manjunath and Phatate(2016)], proposed an elementary but potent prior which provides 
adaptation of detailed algorithm for single image dehazing. This algorithm works on multiple scattering technique 
so input image provided is blurrier. This method employs a multiple scattering mechanism, resulting in a blurrier 
input picture. Dehazing becomes very straightforward and efficient when this approach is used with a single 
picture dehazing model. This method, which is based on local content, is more sensitive than color and may be 
used on a wider range of pictures. Many physical models are used to address this disadvantage. 

The AIPNet[Wang et al. (2019)] shows the statistical analysis that the luminance channel of YCbCr is affected 
the most by haze, hence visual contrast of image is enhanced by identifying haze using luminance channel. 
CSIDNet[Sharma et al. (2020)] uses dark channel prior, illumination channel prior and three convolutional layers 
to obtain dehazed images. MSE as a loss function is used for training, based on MSE values for varied number of 
layers and parameters, the adequate parameters and layers were used. The model is light weight and obtains 
visually clear images by not excessive dehazing in sky regions of light and fine haze. MSCNN[Ren et al. (2016)] 
creates a coarse-scale transmission matrix, which is then refined. For training the network, a method is proposed 
to synthesize hazy images using depth dataset. The coarse scale network learnt the comprehensive features of 
transmission map, the fine scale network learnt the local features of transmission map. Thus, the fine scale network 
enhances the roughly produced transmission map of coarse scale network.  

For the hazy picture formation process, the atmospheric scattering model is described as 
               I 𝑦   J 𝑦 t 𝑦   B 1  t 𝑦                           (1) 

Where I (y) is the observed hazy image and J (y) is the scene radiance to be recovered. There are two crucial 
parameters to be estimated: ‘B’ signifies the total amount of light in the atmosphere where as ‘t(y)’ (transmission 
matrix) defined as: 

         t 𝑦   e              (2) 
where β is the scattering coefficient of the atmosphere, d (y) being the separation between the camera and the 

object. Most of the other CNN models recover the transmission matrix followed by estimating global atmospheric 
light; a haze-free image is then recovered using the atmospheric scattering model. As the transmission matrix and 
the atmospheric light are estimated individually, the errors compound and magnify one another. AOD-Net[Li et 
al. (2017)] unifies the two parameters transmission matrix(t(y)) and atmospheric light(B) into one formula, i.e., K 
(y).  

 

             𝐽 𝑦 𝐼 𝑦 𝐵 𝐵.                             (3) 

            𝐽 𝑦   𝐾 𝑦 ∗ 𝐼 𝑦   𝐾 𝑦   𝑏               (4) 
Where, 

           𝐾 𝑦
 

                                      (5) 

 
It directly reduces the picture pixel domain reconstruction errors.. K is estimated using CNN followed by clean 

image generation by substituting K in above equation Eq. (4). 
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Ref Method 

Name 
Dataset Pre-Processing Methodology 

[Li et al. 
(2017)] 

AOD-Net Synthesize hazy images 
using ground truth and 
NYU2 Depth database, 
setting different 
atmospheric lights. 

None Unifies two parameters, 
transmission matrix and 
atmospheric light to one 
parameter which is estimated by 
network. 

[Sharma et 
al. (2020)] 

CSID-Net RESIDE  Dark channel prior, 
illumination channel 

prior. 

Uses only three convolution 
layers to obtain haze free image.

[Wang et 
al. (2019)] 

AIP-Net IMAGENET 
ILSVRC2012, 
Middlebury Stereo 
datasets, NYU-DEPTH 
DATASET. 

None Luminance channel is regarded 
as a hazy channel. AIPnet 
provides Y’ which is combined 
with Cr, Cb of original channels 
to produce dehazed image. 
Feature extraction, multi scale 
restoration.  

[Ren et al. 
(2016)] 

MSCNN Synthesize hazy images 
using ground truth and 
NYU2 Depth database, 
estimating atmospheric 
lights. 

None Coarse-scale network, its fine-
scale network to generate a 
refined transmission map, 
estimate atmospheric light to 
dehaze image. 

[Qin et al. 
(2019)] 

FFA-Net Reside, NYU Depth V2, 
Middlebury Stereo 
datasets. 

None Consists of block architecture 
with local residual learning, and 
Feature Attention module which 
comprises of channel wise 
attention and pixel wise 
attention. 

[Mei et al. 
(2019)] 

PFF-Net RESIDE, NTIRE2018 
Image Dehazing Dataset.

None It consists of three modules: 
encoder, feature transformation 
and decoder. 

[Liu et al. 
(2019)] 

GMAN RESIDE None Encoder-decoder structure with 
down- and up-sampling factor of 
2, residual learning, VGG16 
transfer learning. 

 
Table 1. Comparison analysis of existing methods 

3.    Proposed Method 
The proposed method first enhances the local contrast of image using CLAHE followed by CNN algorithm AOD-
Net for clean image generation, with better contrast even in dark conditions.  
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Fig 1. Convolution Layers 

 
Preactivation: CLAHE is applied on each of the three red, green, blue channels separately with a tile grid of 

8x8 and clip limit 2.0 with OpenCV. Similarly, CLAHE is also applied on Luminance(Y) channel of YCbCr and 
experimented against the same network. The 3 channels are further passed to the network.  The Figure 1, depicts 
the suggested model’s convolution layers. It depicts the Kernel size for each convolutional layer in aXb format. 
The figures in between the arrows show the output channel for the respective layers. 

The network has 3 convolutional layers and a concatenation layer. First convolutional layer is fed with 3 RGB 
CLAHE processed channels with Kernel size of 1, stride of 1 and no padding being applied. This layer produces 
6 channels of feature maps. These channels after passing through the relu layer are input to the second 
convolutional layer with Kernel size of 5, stride of 1 and padding 2. This layer produces 12 channels. The 
concatenation layer further concatenates 6 and 12 relu processed channels of first and second layers respectively 
to produce output of 18 channels. These channels are convoluted with Kernel size 3, stride 1, padding 1 to produce 
a 3-channel output layer. 

 Dehazed image: This network estimates k as output of the final layer. Clean image is recovered by substituting 
k in Eq. (4). The parameters are set in comparison with clear image provided along with hazy image. 

 
Fig 2. Flow diagram of proposed method. 

 
Necessity of CLAHE with machine learning model: Although CLAHE enhances contrast locally in a fixed 

tile(grid) size, the contrast of objects is sometimes unequally enhanced around different edges, also object of 
interest may be over enhanced due to background conditions. The noise in the images also amplifies with CLAHE. 
Most of the machine learning networks aim to train the model using the images by considering a hazy image 
associated with clear image. The model being trained, sets the parameters based on different hazy images for 
corresponding to single clear image, thus the model fails to set parameters complying actual contrast and there by 
fine details of objects. As proposed method first uses CLAHE on images, the contrast of hazy images is enhanced, 
these may over enhance contrast of objects and also amplify the noise, the machine learning network further learns 
to enhance image adequately, reduce the noise and thereby dehazes the image.  
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4.   Experimental Setup 
                                                      

 
Fig 3. Sample of images from RESIDE-β dataset 

 
The RESIDE-β[Li et al.  (2019)] dataset consists of 2061 clear images, with each clear image (ground truth) 
corresponding set of 35 synthetic hazy images in Outdoor Training Set (OTS) is available. The training of 
proposed model was done on 18,200 images selected from OTS with their respective ground truths (original clear 
image). The model was then tested against 3,640 hazy images. The hazy images are first split into RGB channels 
and CLAHE is applied on each channel, further they are merged and passed to network. The network is further 
trained on just 11 epochs to produce the results. Original AODNet[Li et al. (2017)] model was also trained for 
comparison. FFANet[Qin et al. (2019)], PFFNet[Mei et al. (2019)], GMAN[Liu et al. (2019)] methods were 
trained and experimented using same dataset as the proposed method. Experimentation using CLAHE on Y 
channel of YCbCr, was also carried out as pre-processing for network. The SSIM, PSNR metric were computed 
and is shown in Figure 7.  
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The model was also assessed using no reference image quality assessment based on PIQE, NIQE, BRISQUE 
and Entropy metrics were computed and plotted for comparison on 5180 images for each method. The approach 
was to test the model with CLAHE on different color channels for the same neural network model.  

Fig 4. Comparison analysis of different methods on RESIDE-β dataset images 
 
5.   Results and Discussion 
This section consists of subjective, objective, graphical results and discussions. The notation AOD_Net refers to 
pure AOD_Net[Li et al. (2017)], whereas CLAHE_RGB_AOD_Net and CLAHE_YCbCr_AOD_Net are the 
proposed methods where we have used our architecture for CLAHE processing, the term AOD in our methods 
only refers to the idea of using one parameter of AOD_Net[Li et al. (2017)] for dehazing image. 

5.1.   Subjective results 

Proposed method shows clear image subjectively as compared to other networks.  As the method enhances 
CLAHE processed images, the noise produced is suppressed considerably by network, also the image has adequate 
contrast enhancement for objects to be processed further. As it primarily tries to reduce noise amplified by CLAHE, 
the PSNR metrics of proposed method is slightly lesser in most cases then AODnet as shown in fig (7), however 
it is sufficient enough for optimal object detection. 
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       Fig 5. Details enhanced by proposed method. 

 
From Figure 5, it can be clearly observed, that proposed method not only helps to dehaze image, but also 

enhances quality of image. In first row of Figure 5, although the flowers are not clearly visible in ground truth 
image, after applying CLAHE_RGB_AOD_Net the flowers are clearly visible despite giving hazy input image to 
the algorithm. 

Similarly in second row of Figure 5, it can be noticed that the region beneath the tree is quite enhanced by the 
algorithm despite feeding Hazy input image to algorithm. Similarly, in third row of Figure 5, the street lamps that 
were obscured in ground truth image are easily noticeable after applying CLAHE_RGB_AOD_Net algorithm.  

From this, it can be clearly stated that unlike other algorithm that focuses only on dehazing the image , the 
proposed method also enhances the details of image. 

5.2.   Objective results 
PSNR ratio is used to compare the quality of the original and reconstructed images. The better the quality of the 
compressed or reconstructed image, the higher the PSNR. The Structural Similarity Index (SSIM) is a scale that 
evaluates the degradation of image quality due to processing such as data compression or transmission losses. 
PSNR, SSIM is based on observable image structures. SSIM analyses the original and processed images to 
determine the differences. It does not say which of the two is superior, but it does indicate how big of a perceptual 
difference there is between the two by assigning a value between 0 and 1. The greater the SSIM number, the better 
is processed image.  
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Fig 6. Performance analysis using PSNR on different methods 
 

Figure 6, depicts comparison of PSNR metric for images evaluated by different methods, the result per index 
is cumulative of earlier indices. PSNR and SSIM metric is higher most of the times for FFA_Net. As illustrated 
in Figure 7, the proposed method shows consistency for different types of hazy images being compared. 

 

                                      
Fig 7. Comparison of SSIM and PSNR Metric of various methods 

 
Figure 7, illustrates the quantitative results of average PSNR and SSIM metrics for set of 35 images per index 

for six different techniques experimented. It can be observed here, that though PSNR and SSIM metric for 
proposed approach is moderate, but it is very much less computationally intensive. 

 
 

                          
 

Fig 8. Performance analysis using SSIM on different methods 
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Figure 8, shows comparison of SSIM with different methods. As observed, the proposed method has higher 
SSIM metric most of the times. This justifies the claim of images being structurally similar and more adequate 
for object defining tasks. In above results, CLAHE_RGB_AOD_Net is the technique in which CLAHE is applied 
on RGB channels and the image is dehazed with proposed network. Similarly, CLAHE_YCbCr_AOD_Net is the 
technique where CLAHE is applied only on luminance channel and the image produced is further dehazed with 
the network. AOD_Net label indicates the results for original AOD_Net[Li et al. (2017)] architecture. Similarly, 
FFA_Net, PFF_Net, Gman label indicate results for FFANet, PFFNet and Gman respectively. All the techniques 
are experimented on same set of hazy images.  

5.3.   Graphical results 
                                        

Fig 9. Entropy, NIQE, PIQE, BRISQUE value performance comparison of different methods 
 

Here, Entropy of proposed method in RGB and YCbCr is better than the individual existing models. A low score of 
the Naturalness Image Quality Evaluator (NIQE)  [Mittal et al. (2013)], Perception based Image Quality Evaluator 
(PIQE) [Venkatanath et al. (2015)] and Blind Image Spatial Quality Evaluator (BRISQUE) [Mittal et al. (2012)] 
suggests a higher level of perceptual quality. CLAHE_RGB_AOD_Net has shown better NIQE and PIQE 
respectively. Though BRISQUE score is not at par relatively, but the subjective and objective evaluation if 
considered together, the proposed approach has demonstrated better results. 

5.4   Discussions 
Lately, few techniques for dehazing image are introduced such as contrast-based and statistical techniques. Some 
statistical techniques use atmospheric model with depth information to retrieve transmission matrix and there by 
generate clean images, whereas some techniques directly train over input hazy images to generate clear images. 
These architectures though dehaze the image, are heavy to train on large custom datasets for large epochs. Also, 
for real time applications it is better to use a light architecture so as to dehaze image with less computational 
power quickly. Understanding the requirements, we propose a light weight model. CLAHE alone dehazes the 
images, but over enhances the image. Thus, we control the over enhancement of image with network. AODNet[Li 
et al. (2017)] states the haze removal was not much efficient with just 5 convolutional layers, they had to use 3 
concatenations more for multiscale design, to get the adequate results. We have used 3 convolutional layers and 
a concatenation layer to produce the adequate results. Our algorithm also enhances the contrast over image due to 
CLAHE, thus the produced output image is subjectively more promising, to be optimally used for computer vision 
applications. As we are first applying CLAHE, some uniform large regions like sky have some noise even after 
passing through network. We conducted experimentation on different color spaces with CLAHE but couldn’t 
remove all noise in the large uniform regions. CLAHE on YCbCr worked identical to CLAHE on RGB before 
passing to network.  

 
6.   Conclusion 
The suggested method not only beats different state-of-the-art dehazing models, but it also creates a standard, a 
compact model having minimal resource requirements. The improved pictures acquired using the suggested 
technique successfully preserve the speed-accuracy trade-off. The suggested network produces impressive results, 
indicating its use in a variety of critical and real-time applications. The SSIM value clearly shows the technique 
is far better and can be very useful in object detection algorithms. With 11 epochs, this model was trained on 
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18,200 pictures. Model was also trained on 3640 pictures as dataset, the results were similar to the proposed 
network with some degradation in image quality. Minor drawback of suggested technique is that the model 
increases noise in sky areas conveyed by CLAHE less often, so work needs to be done further to reduce noise in 
sky areas. CLAHE was also applied on YCbCr color space with CLAHE on Y channel but CLAHE on RGB 
channels produced better results. Subjectively the results are more visually enhanced than the clear image referred 
for experimentation, making it more adequate for object detection modules. 
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