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Abstract: Image dehazing, which aims to recover a clear image solely from a hazy or foggy image, is a particularly challenging task. 

Many studies have recently been conducted to improve the performance of image dehazing using deep neural networks. However, 

existing approaches do not consider changes in haze density, and thus even if a clear image is input, distortions such as sharpening may 

occur. In addition, because the number of datasets available in deep learning, whose contents are image pairs of hazy and corresponding 

haze-free (ground truth) indoor images, is quite limited, the haze removal performance may be reduced. To solve this problem, in this 

paper, a selective dehazing system is proposed that combines a haze detection network and a dehazing network. The proposed haze 

detection network is designed using a CNN structure to determine the haze density of the input image, and the use of the dehazing 

network is determined. The proposed dehazing network uses the U-Net model to efficiently learn only a limited number of datasets. 

To evaluate the performance of the proposed network, only 45 O-Hazes were used. The result of haze detection shows that the proba-

bility of detecting a haze image is more than 99% and the probability of detecting a haze-free image is 97.9%. Dehazing evaluation 

results improved the PSNR and SSIM by more than 10% compared to existing networks. 
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1. Introduction
To deal with the recent increase in demand for camera-based 

autonomous systems, such as autonomous driving, drones, and 

monitoring systems, owing to the development of computing de-

vices, research on neural-network-based image processing tech-

nologies such as object recognition, segmentation, and depth es-

timation has been continuously conducted. Neural-network-

based models rapidly degrade the performance when the quality 

of the input image is poor owing to various environmental fac-

tors. If the cause of deteriorated image quality is a hardware prob-

lem during the image collection process, the device can be re-

placed to address this issue. If the quality degradation factor of 

the image is a hardware problem during the image collection pro-

cess, it is solved by replacing the device, but if it is caused by 

weather phenomena such as sea blight, mountain fog, or yellow 

dust, the input image will contain noise from light, and image 

processing is therefore necessary. Haze, including weather phe-

nomena, is caused by atmospheric steam and dust, increasing the 

scattering of light and reducing the visibility. As a result, the 

amount of input information is reduced in the general image pro-

cessing algorithm, and the accuracy is lowered. In a neural-net-

work-based image processing model, the input is distorted, and 

thus an unexpected output may be generated. Therefore, recent 

studies on using neural networks to remove haze are being ac-

tively conducted in the field of computer vision [1]-[3].  

Zhang [4] developed a representative dehazing network that 

calculates a haze-free image after generating scattering light A 

and the transmission coefficient t(x) of the atmospheric scattering 

model using a GAN. However, because a U-Net-based encoder 

is used for scattering light generation, it is difficult to use convo-

lutional layer flattening and a multi-scale fully connected layer 

when producing the transmission amount. 

D. Engin et al. [5] suggested an efficient network by learning 

two models using one image with a cycle-GAN-based haze-free 

image generator and a haze image generator. However, owing to 

the characteristics of a cycle GAN, more than twice the learning 
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time is consumed compared to general CNN-based networks, and 

because the size of the haze dataset is extremely small, it is diffi-

cult to sufficiently learn and does not achieve an excellent per-

formance. 

In this paper, for the commercialization of dehazing networks, 

we propose a selective dehazing system that applies only to im-

ages requiring haze removal. The proposed system is composed 

of a haze detection network that is minimized to maintain the 

level of performance and a dehazing network that receives selective 

inputs based on the haze detection results. Thus, the average num-

ber of computations is reduced. 

2. Related Studies

2.1 Atmospheric Scattering Model 
To describe the composition of hazy images, McCartney [6] 

first proposed the use of an atmospheric scattering model, which 

was developed by Narasimhan and Nayer [7][8]. Equation (1) 

describes the atmospheric scattering model. 

I(x) = J(x)t(x) + 𝐴𝐴(x)(a − t(x))  (1) 

Here, I is the observed hazy image, J is the true scene radiance, 

A is the global atmospheric light, t is the medium transmission 

map, and x is the index pixel. In addition, J(x) can be recon-

structed into I(x) by A and t, and t(x) refers to the portion of light 

that reaches the camera without being scattered. Moreover, t(x) 

is composed of the depth d(x) and the scattering coefficient of 

atmosphere β and is defined through Equation (2). 

t(x) = 𝑒𝑒−𝛽𝛽𝛽𝛽     (2) 

Because it is impossible to measure all variables of the atmos-

pheric scattering model using current sensors, most studies on 

haze limit the number of variables to two. 

2.2 Single Image Dehazing 
Dehazing methods with single image inputs can be separated 

into methods using information in the image and learning-based 

approaches. The method using information in the image starts 

with a model for estimating the optical transmission [9], the dark 

channel prior (DCP) [10] based on the statistics of haze-free im-

ages, and the color attenuation prior (CAP) [11] for reconstruct-

ing the depth information. Many other studies are also ongoing. 

Learning-based methods using neural networks, which exhibit an 

excellent performance in various fields where images are input, 

generally include CNN- and GAN-based approaches. The CNN-

based method aims to reconstruct the true scene radiance by es-

timating the global atmospheric light and the medium transmis-

sion map of the atmospheric scattering model [12]-[14]. These 

methods comprise stacking a large number of convolutional lay-

ers, and thus an estimate takes an excessive amount of time to 

achieve because the number of parameters is large. 

2.3 Haze Detection 
Image dehazing is typically composed of a stack of convolu-

tional layers, requiring a high-performance GPU. For this reason, 

it is difficult to enter all images into the dehazing network when 

constructing the dehazing system. Therefore, to reduce the load 

on the hardware, a haze detection network that detects the pres-

ence of haze and determines whether a dehazing network must 

be used is required. Studies on haze detection have been con-

ducted in parallel with haze removal, and methods using image 

processing include the dark channel prior [10], which assumes col-

orful images, and a fast semi-inverse approach [17] that general-

izes pixel-based operation. As neural networks continue to be ap-

plied to various fields, research on haze using CNN and GAN 

methods will increase. 

3. Proposed Method

3.1 System Overview 
In this paper, for a real-time automated monitoring system, we 

propose a selective dehazing system that determines the exist-

ence of haze and removes it from the image. 

Figure 1: Overall framework of proposed method 
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The proposed system is shown in Figure 1, and the haze detec-

tion network determines whether haze exists in the input image. 

If haze is present, it is input into the dehazing network and out-

puts the image with the haze removed. If haze does not exist, the 

input image is output. The detection network consists of a con-

volutional layer and a fully connected layer, and outputs the prob-

ability of haze to determine whether it is input to the dehazing 

network. The dehazing network is an encoder–decoder architec-

ture that is an improved U-Net [18] and removes haze in the input 

image according to the judgment of the detection network. 

3.2 Haze Detection Network 
The haze detection network outputs the probability of haze be-

ing present in the input image and uses only the minimum layer 

to maintain the performance and reduce the number of computa-

tions in the dehazing system. 

Figure 2: Architecture of Haze Detection Network 

Figure 2 shows the architecture of the haze detection network, 

which is composed of four convolutional layers and two fully 

connected layers to determine the probability of haze presence 

throughout the image for feature extraction. To extract local fea-

tures in the image and minimize the number of computations, the 

kernel size of the convolutional layer is set to (7, 7), the stride is 

set to (3, 3), and the padding is not set. As a result, the number of 

parameters in the flattening process is minimized. The proposed 

network is trained for cross-entropy loss used in binary classifi-

cation, and outputs a 1 when haze exists and a 0 otherwise. 

3.3 Dehazing Network 
A dehazing network is a network that estimates haze-free im-

ages from images where haze exists in the haze detection net-

work. 

Figure 3 shows the architecture of the dehazing network and 

is an encoder–decoder structure that extracts strong features in an 

image by increasing the number of channels while reducing the 

size of the image. The encoder consists of four convolutional 

blocks consisting of two layers, i.e., a convolutional layer and a 

max pooling layer, and the decoder consists of three convolu-

tional blocks consisting of a concatenate layer, an up-sampling 

layer, and two convolutional layers. The concatenate layer of the 

Figure 3: Architecture of dehazing network 
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decoder is an input data mirroring process that compensates for 

pixel loss in the image boundary area that occurs during down-

sampling. The proposed network was trained using the mean 

squared error between a haze-free image and output, and using a 

large number of convolutional layers, it has a large number of 

computations, demonstrating an excellent dehazing performance. 

4. Experiment
4.1 Datasets 

In the O-haze dataset [19], which is the input of the experi-

ment, haze was generated using two commercial haze generating 

machines to create an environment in which the haze is evenly 

distributed. The dataset consists of 45 different outdoor images 

consisting of hazy and haze-free images. The dataset consists of 

45 different outdoor images, consisting of a hazy image and a 

haze-free image. 

4.2 Detail of Training 
The proposed network is based on Python 3.7 and Tensorflow 

2.3.1, and the GPU is an NVIDIA QUADRO RTX 8000. In this 

experiment, the Adam Optimizer with a learning rate of 0.001 

was used, and the batch size was 32. The number of training data 

was 35; the number of validation data was 5; and the number of 

testing data was 5. The complete learning process was applied 

100 times. 

4.3 Haze Detection Evaluation 
Table 1 shows the haze detection network evaluation con-

ducted on a total of 10 haze images as the input data of the sys-

tem, and the ground truth, which is a haze-free image. If the out-

put is greater than 0.5, the image has haze, and at less than 0.5, 

the image is judged as a haze-free image, and the haze detection 

performance is 100%. However, when inputting the ground truth 

of O-haze 36, the probability of an image having haze was esti-

mated at 10%. This is believed to be because the ratio of the sky 

area in the image is high, as is the intensity. In addition, to verify 

the haze detection network, two images captured on a day of sea 

fog occurrence near Korea Maritime University were input, and 

both were 0.999, confirming the existence of haze. 

Table 1: Probability of haze 

Haze Image Haze-Free Image 

O-Haze 36 99.9% 10.5% 
O-Haze 37 99.9% 0.0% 
O-Haze 38 99.9% 0.0% 
O-Haze 39 99.9% 0.1% 
O-Haze 40 99.9% 0.0% 

Figure 4: Dehazing network input, ground truth, output 



A study on selective dehazing system based on haze detection network 

Journal of Advanced Marine Engineering and Technology, Vol. 44, No. 6, 2020. 12       498 

4.4 Dehazing Evaluation 

4.4.1 Quantitative Evaluation 

Because the output of the dehazing network is an image, it was 

divided into quantitative and qualitative evaluations. A quantita-

tive evaluation used the PSNR and SSIM, which are indicators 

for evaluating an estimated image. Table 2 shows the results of 

the quantitative evaluation. The PSNR of the proposed dehazing 

network improved by more than 1.5 points, and the SSIM im-

proved by more than 10% compared to CVPR'16, ICCV'17, and 

CVPR'18. In addition, the haze detection network is valid be-

cause the output is distorted, and the number of operations is con-

sumed when inputting the ground truth into the proposed net-

work. 

Figure 5: Testing Input and Output 

4.4.2 Qualitative Evaluation 

Figure 4 shows the haze image of the testing data, ground truth 

image, and output of the dehazing network. Although the haze 

was removed, the intensity of the output decreased, and the stains 

of the color in contrast with the original were confirmed in the 

floor and sky areas of a similar color. Figure 5 shows the results 

of the image and dehazing network taken near the Korea Mari-

time University. Although the buildings were difficult to identify 

from the original image, owing to the removal of haze, the stains 

in contrast with the sky and sea areas were confirmed, such as in 

the test data of the O-haze dataset.

5. Conclusion
In this paper, we proposed a selective dehazing system that re-

moves haze by inputting it into the dehazing network after con-

firming its presence through a haze detection network. In addi-

tion, the performances of the haze detection network and dehaz-

ing network were evaluated and tested. Considering that 35 data 

points were used for learning the proposed system, an excellent 

performance is achieved. If data on haze can be compiled, the 

performance can be improved. It will be possible to establish an 

efficient monitoring system if the proposed system is applied to 

CCTV systems installed in areas where haze occurs in coastal 

and mountainous areas. In the future, we are planning to carry 

out research on dehazing networks specialized in marine envi-

ronments through a dataset including events occurring at sea. 
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