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Abstract. In order to solve the problem that the existing defogging algorithms
can’t differentiate according to the characteristics of different regions of the
fogged image, an Image Defogging Algorithm Based on Inception Mechanism
is proposed(I-defog algorithm). The attention mechanism is added to the algo-
rithm to adaptively assign weights to the features of different regions; It is more
accurate and effective to use the module with perception mechanism to predict the
global value. The predicted value, transmittance and foggy image are input into
the atmospheric scattering model to get the defogging image, and the defogging
image is input into the Markov discriminant (PatchGAN) to judge whether it is
true or not. The results show that the algorithm achieves good defogging effect
on both indoor and outdoor images, and improves the brightness and saturation of
defogging images.
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1 Introduction

The long-term rapid development of China’s economy has accelerated industrialization
and urbanization, and the frequency of haze weather across the country has increased
significantly. In this low visibility haze environment, due to the influence of suspended
water droplets and aerosols in the atmosphere, the saturation and contrast of images
obtained by outdoor shooting equipment have decreased, and many important details
have been lost, It is not conducive to the feature extraction of subsequent equipment,
and increases the difficulty of image processing, which makes it difficult for various
security measures such as monitoring system and target detection system to play a normal
role. Therefore, the study of image defogging algorithm has great research significance,
practical value, and great application prospects [ 1, 2]. How to effectively restore degraded
image in fuzzy environment to clear image has become more and more important [3-5].

Traditional defogging algorithms can be divided into classical image enhancement
algorithms [6]. The first kind of classical algorithms, such as histogram equalization
[7, 8], Retinex algorithm [9, 10], wavelet transform [11], and so on. Although it was
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proposed earlier and implemented simply, it did not consider the real cause of fog
generation. The second kind of image defogging algorithm based on image restoration
is to estimate the physical quantities in the atmospheric scattering model by using prior
knowledge, and then inverse and restore the defogging image, such as dark channel prior
defogging algorithm (DCP) [12], nonlocal prior defogging algorithm [13], variational
model defogging algorithm [14], image defogging algorithm including sky region [15],
The methods of defogging in elliptic model [16], adaptive fog attenuation algorithm
[17], color attenuation model (CAP) [18]. Due to the prior knowledge can not adapt to
all the fog scenes, the image defogging algorithm based on prior has poor robustness.

Image defogging algorithm based on deep learning can obtain atmospheric light
value, medium transmittance and other information related to image haze through con-
volution neural network, which has good robustness. For example, dehazenet (dehaze)
proposed by Cai uses convolution neural network to directly estimate the transmittance
and atmospheric light value of foggy image, so as to obtain foggy image [19, 20]; AOD
net proposed by Li et al. Is an end-to-end defogging algorithm [21]; Zhang et al. Pro-
posed a defogging network based on pyramid dense connection and u-net [22]; A domain
adaptation paradigm proposed by Shao et al. Can make up the gap between synthetic
domain and real domain [23].

This Algorithm Based on Inception Mechanism. In the algorithm, the attention mech-
anism can adaptively assign weights to the features of different regions of the image,
which makes the algorithm more focused on the feature information related to the haze.
The larger the haze is, the larger the weight will be, and the smaller the haze is, the
smaller the weight will be; The intrusion mechanism can obtain more receptive fields,
and reduce the computational complexity of the algorithm.

2 Related Work

2.1 Atmospheric Model

Atmospheric model is usually used to simulate the degradation process of foggy image.
Because of its versatility, it is used in the research of image algorithm. The atmospheric
model is shown in formula (1).

I(x) =J(0)1(x) + Al —1(x)) (D

In the formula: /(x) is the observed value of foggy image at x, J(x) is the observed
value of the clear image at x, #(x) used to represent the attenuation of light reaching
the camera lens, From formula (1), we can know that as long as the atmospheric light
value and perspective of foggy image are known, the foggy image can be restored to non
foggy image, so the algorithm needs to correctly estimate the medium perspective and
atmospheric light value. However, the accuracy of estimating the medium transmittance
and atmospheric light value is uncertain, which will have a great impact on the defog-
ging effect. The algorithm proposed in this paper adopts the mechanism of perception
and attention, which can effectively improve the accuracy of the prediction of medium
perspective and atmospheric light value.
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2.2 Network Attention Mechanism

The traditional deep learning defogging network model can process the pixel features of
each channel and each region equally. The corresponding weights of different regions
with different haze should be different. In addition, each channel should also have dif-
ferent weight information, which should have different weights, It will waste resources
on a large amount of useless information In order to make the algorithm adaptive weight
allocation according to the characteristics of different regions, attention mechanism is
added to the algorithm. The design of attention mechanism module is shown in Fig. 1.
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Fig. 1. Attention module

In the attention mechanism module, firstly, the channel spatial information is
transformed into channel descriptors by maximizing pooling, as shown in formula (2).

1 H W o
gc = Zmp(Fe) = 7 ;;Xc(w) 2)

In the formula: X¢ (i, j) is the value of the image C channel at position (i, j), Zmp is
the maximum pooling function, The convolution kernel with the same size as the image
is used to maximize pooling, convert the size of feature graph from C x H x W to
C x 1 x 1, Then, the feature map is input into the two-layer convolution layer, as well as
the Relu activation function and Sigmod activation function, as shown in formula (3).

Ac = o (Conv(w(Conv(gc)))) 3)

In the formula: w is the Relu function, ¢ is the Sigmod function, Conv is the con-
volution function, Ac is the weight of the output, Finally, the corresponding Fc and Ac
are multiplied, as shown in formula (4).

F& =AcFc 4)

F{ is output to the next stage, which is different from the first stage. In this stage,
there is no pooling layer, and F. is directly input into the two-layer convolution layer, as
well as the Relu activation function and Sigmod activation function, as shown in formula

(5).
Ap = a(Conv(w(Conv(Fé)))) 5
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In the formula: w is the relu function, ¢ is the Sigmod function, Conv is the convo-
lution function, and A, is the weight of the output. Finally, the output of the attention
module is obtained by multiplying the corresponding F. and Ap, as shown in formula

(©).

Fi = ApFE (6)

2.3 Perception Mechanism

Concept convolution neural network is proposed by googlenet. It has gone through four
versions. Concept 1 uses 1 * 1, 3 * 3, 5 * 5 convolution kernels to extract features of
different scales. At the same time, it also adds maximum pooling. In order to reduce
the number of network parameters, reduce the difficulty of operation, and accelerate the
convergence speed, In addition to batch normalization, two 3 * 3 convolution kernels are
used to replace the original 5 * 5 convolution kernels. On the basis of concept 2, concept
3 proposes a parallel convolution structure, which makes convolution and pooling run
in parallel, and then combines them to reduce the dimension without causing the loss
of information extraction. On the basis of concept 3, concept 4 adds a residual network
(RESNET), which achieves good results and improves the training speed. The concept
module used in this article is shown in Fig. 2.

| concat <4

A

3*3 conv

A

3*3 conv 3*3 conv

A A A

1*1 conv

A

input

Fig. 2. Introduction mechanism

3 Method of This Paper

The foggy image is input into the defogging network to predict the value. The predicted
value of atmospheric light, the medium transmittance and the foggy image. The foggy
image is input into the Markov discriminator to judge whether it is true or not. The
overall framework of algorithmic network is shown in Fig. 3.
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Fig. 3. Network framework

3.1 Prediction of Medium Transmittance

In addition, the attention mechanism can make use of the features with different weights
to complement each other instead of focusing only on the local features. The media
perspective estimation network based on attention mechanism used in this algorithm is
shown in Fig. 4.
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Fig. 4. Predictive transmission network

In order to obtain the haze, edge, texture and other information of different regions
of the image for the subsequent use of deep network, the shallow network in the pre-
diction transmittance module is used for feature extraction. Convolution layer and batch
processing layer (BN layer) are used. In BN layer, the size of batch size can not be too
large or too small. If the size of batch size is too small, the convergence speed of the
model will be too slow, Appropriately increasing the batch size can increase the gener-
alization ability and convergence speed of the model, but too large may lead to gradient
disappearance or gradient explosion of the model. In this paper, the size of batch size
is 64, and the relu activation layer and pooling layer are used to process the image, as
shown in formula (7).

Fy, = Hsp(I) @)

In the formula: [ is the input foggy image, HgF is the feature extraction function, Fj
and is the output of shallow feature extraction. The Fj is input to the following residual
module and attention module, and the F is down sampled. The residual module adds
residual connection on the basis of feature extraction module. Residual connection can
reduce the consumption of computing resources in the training of defogging network,
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The subsequent attention mechanism module can automatically assign weights to the
extracted features, so that the network module can focus more on processing the relevant
feature information related to the medium transmittance, as shown in formula (8).

Fq =HAM{HRN,d{"'{HRN,I(FS)}"‘}} @®)

In the formula: Hrn g represents the d residual convolution network function, Ham
represents the attention module function, and Fy4 represents the overall output of the
function. In order to reconstruct the transmittance map, the deconvolution neural network
is used for up sampling, as shown in formula (9).

Fy = HprNb{- - Horn 2 {{HDRN,1 (Fa) } }} ©)

In the formula: Hpgry 5 represents the b residual convolution network, and Fj, repre-
sents the overall output of the function. Finally, input F}, to the next layer of convolutional
neural network, through the mapping layer, we can get the medium transmittance map,
as shown in formula (10).

t = Hmap(Fv) (10)

3.2 Prediction of Atmospheric Light Value

To improve the convergence speed of the network and reduce the computational com-
plexity in the network design of atmospheric light value prediction, we do not use the
method of down sampling and up sampling, which is used to predict the medium per-
spective. Instead, we use the network based on the perception module to continuously
down sampling. From the graph to the point, the final 1 * 1 result is the predicted atmo-
spheric light value. The advantage of using the perception mechanism is that it can obtain
more receptive fields, extract more global related information, and predict atmospheric
light value more accurately, without the problem of taking the local optimal value as
the global t value. At the same time, the perception module can speed up the network.
The network with perception module is used to predict the atmospheric light value. The
image processing process is shown in Fig. 5.
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Fig. 5. Image processing process
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3.3 Discriminator Network

In this paper, Markov discriminant (patchgan) is used to judge the true and false images
after defogging. Different from the traditional discriminant model, in patchgan, the input
is no longer a random high-frequency variable, but an image. When the image is input
into patchgan, the discriminant will first segment the image into a n * n matrix (patch)
to distinguish all patches, Finally, true or false is output according to the average value
of all patch discrimination results of an image.

3.4 Algorithm Description

The first part is the mean square error loss function, as shown in formula (11).

1 N
Luse = 5 D IY () = 1@l (1)

x=1

Inthe formula: Y (x) represents the image before defogging, 7 (x) represents the image
after defogging, and N represents the total number of images contained in the training
set. The second part is the discriminant loss function, as shown in formula (12).

D(x,y 1— s s
L6an(G, D) = Ey y[logn ™1 + E, y[log! 2@ ¢y (12)

In the formula: Ey [longO(x’y ) ] is the probability to judge the original fog free image

as true, Ey y[log|y 9] is the probability to judge the defogging image as false-

The expression of total loss function is shown in formula (13).

L = 0Lmse + BLgaN (13)

In the formula: 9, 8 is the coefficient of the mean square error loss function and the
discriminator error loss function respectively, and the default is 0.5.

This paper proposes a defogging algorithm, the specific process is shown in
Algorithm 1.
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algorithm 1 I[-defog algorithm
input: Foggy image
output: Defogging image

(1) Input foggy imagel;
(2) Use formula (7) to extract shallow features and get feature map FS ;

(3) Firstly, Fg is downsampled by residual network to get , and attention

mechanism is used to allocate weight

F,=H,, (FS +F (FS,VV] )) . H ,,, is the whole function of at-
tention mechanism, J (F LW, ) is the residual;;

(4) Then the deconvolution residual network is used for up sampling to get
F,. F,=F,+F(F,,W,):

(5) The transmittance map is obtained by using the mapping function,
t=Hy(F,):

(6) Using Inception module, the atmospheric light value of foggy image is
predicted A= Fincn (...Finc,l (1)) ;

(7) The defogging image J can be obtained,

I(x)—A(1—t(x
Sy~ T = A0 1)
1(x)

(8) Using PantchGAN to judge whether it is true or false;

(9) Further training the network, repeat (1) to (8) until the network loss is
optimal, and the training is completed;

(10) Save the optimal model.

4 Experiments

4.1 Experimental Environment Configuration and Data Set

Hardware configuration: interi7-9700k processor (CPU), NVIDIA gtx-2060ti graphics
card (GPU); The operating system is Ubuntu 20.04, and the model is built and trained
under the deep learning framework pytorch.

The training data used in this paper is the reside data set, and the images in the data
set are indoor foggy images, a total of 13900, which are synthesized from 1390 images in
the existing indoor depth data set nyu2, each image is synthesized into 10 foggy blurred
images. In addition, sots data set and HSTs data set will be used to verify algorithm.

4.2 Evaluating Indicator

PSNR first calculates the mean square error of two images. The smaller the mean square
error is, the larger the PSNR value is, which indicates that the similarity of two images
is greater, as shown in formula (14).

(14)

MAX;
PSNR = 20log,

v MSE
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In the formula: MAX; is the maximum value of pixel color, MSE is the mean square
error of fogged image and non fogged image.

Different from PSNR, the more similar the image is and the smaller the image
distortion is, as shown in formula (15).

(ZMX;Ly + C])(Z()’Xy + cz)
(u?c + u2 + cl) (sz +o? + 02)

SSIM (x,y) = (15)

In the formula: p, represents the average of x, i, represents the average of y, oxz
represents the variance of x,ay2 represents the variance of y, oy, is the covariance of x
and y, ¢ and ¢ are two constants.

4.3 Algorithm Validation

In this paper, RESIDE data set is used as training set, SOTS data set and HSTS data set
are used as test set to verify the effectiveness of the algorithm. SOTS data set is composed
of foggy images generated from indoor images, while HSTS data set is composed of
foggy images generated from outdoor images.

The comparison results of some test sets between the algorithm in this paper and
other algorithms, the comparison results of PSNR and SSIM in some sots datasets are
shown in Fig. 6 and Fig. 7, and the comparison results of PSNR and SSIM in some HSTS
datasets are shown in Fig. 8 and Fig. 9. It can be seen from Fig. 6, Fig. 7, Fig. 8 and Fig. 9
that when processing indoor foggy images, the algorithm in this paper performs well in
both PSNR value and SSIM value, which is improved compared with cap algorithm, DCP
algorithm and mscnn algorithm. The images before and after defogging with slightly
lower evaluation index are analyzed, It is found that these images contain a large number
of sky regions, which has an impact on the estimation of atmospheric light value, resulting
in a slightly lower image evaluation index after defogging. The PSNR and SSIM values
of cap algorithm and DCP algorithm decrease greatly when they deal with some outdoor
images which are difficult to defog, and the defog effect is poor. Although the algorithm
in this paper and dehaze algorithm decrease a little, the decrease is relatively stable.

Image tags

Fig. 6. Comparison of indoor PSNR
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Fig. 8. Comparison of outdoor PSNR
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Fig. 9. Comparison of outdoor SSIM

The average comparison results of the algorithm in this paper and other algorithms in
all test sets, In Table 1 and Table 2. SSIM is 0.024, 0.0059, 0.0008 and 0.0695 higher than
cap, DCP, dehaze and MSCNN, and PSNR is 0.48 lower than dehaze, but 1.9, 1.89 and
3.74 higher than cap, DCP and MSCNN, respectively. On HSTs dataset, SSIM is 0.1079,
0.0843, 0.0052 and 0.0306 higher than cap, DCP, dehaze and MSCNN, respectively, and
PSNR is 4.12, 6.37 and 2.75 higher than cap, DCP and MSCNN.
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Table 1. SOTS dataset comparison results
Method Evaluating indicator
SSIM PSNR
CAP 0.8624 19.96
DCP 0.8505 19.97
Dehaze 0.8656 22.34
MSCNN 0.8169 18.12
Ours 0.8964 21.77
Table 2. HSTS dataset comparison results
Method Evaluating indicator
SSIM PSNR
CAP 0.7859 18.24
DCP 0.8095 15.99
Dehaze 0.8886 22.94
MSCNN 0.8632 19.61
Ours 0.8978 2242

The visual comparison results of some outdoor scene images with fog in this algo-
rithm and other comparison algorithms are shown in Fig. 10. It can be seen from Fig. 10
that the overall color of the image processed by cap algorithm is dark, and the sky part
of the image is slightly distorted; DCP algorithm has serious distortion in sky area and
character edge due to incomplete defogging. The values of four outdoor scene images
are compared with other algorithms in this paper. The Fig. 11 and Fig. 12 show that
the algorithm in this paper is relatively stable in terms of defogging performance. It
performs well in PSNR and SSIM of four outdoor scene images, and some images have
a large downward trend in DCP algorithm and MSCNN algorithm.

The values of four outdoor scene images are compared with other algorithms in this
paper. The Fig. 11 and Fig. 12 show that the algorithm in this paper is relatively stable
in terms of defogging performance. It performs well in PSNR and SSIM of four outdoor
scene images, and some images have a large downward trend in DCP algorithm and
MSCNN algorithm.
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Fig. 10. Comparison of algorithms in outdoor (a) origin image (b) CAP results (c) DCP results
(d) Dehaze results (¢) MSCNN results (f) our results
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Fig. 11. Comparison of PSNR

4.4 Run Time Comparison

The average running time of this algorithm compared with cap algorithm, DCP algorithm,
dehaze algorithm and MSCNN algorithm is shown in Table 3. The average processing
time is 0.93 s. Compared with the comparison algorithm, the time is controlled within
1s, which has higher running efficiency.
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Fig. 12. Comparison of SSIM

Table 3. Comparison of average running time of different algorithms

Method | CAP | DCP Dehaze | MSCNN | Ours
Time/s 1.43 10.11 1.77 1.71 0.97

5 Conclusions

This Algorithm Based on Inception Mechanism. On the one hand, it solves the problem
that the traditional image defogging algorithm can not carry out differential processing
according to different haze characteristics. On the other hand, the algorithm can make
use of the features with different weights to complement each other instead of only
focusing on the local features, makes better use of the global related information, makes
the results more accurate. The results show that can achieves good defogging effect in
both indoor and outdoor data sets, and improves the brightness and saturation of the
image while effectively defogging.
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