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Abstract. The foggy environment seriously affects the automatic inspection or
cruisemonitoring of outdoor equipment in the power system. Aiming at the lack of
fog image data sets, a fog simulation image generation algorithm based on depth
estimation was proposed. First of all, by unsupervised depth estimation model
building the depth map of an outdoor clear picture. Then using feature fusion to
refine the depth chart details. By setting the atmospheric extinction coefficient for
transmittance figure. Dark channel method is used to estimate the atmospheric
light value of the image. Finally, the fog simulation images are obtained based on
the atmospheric scattering model. The experimental results show that the method
improves the depth map effectively, and the generated fog simulation image is
reliable. The average error rate of fog simulation is 6.2%,which solves the problem
of excessive uneven fog edge, and the fog simulation image effect is very good in
low visibility. Generating fog images with different visibility labels can solve the
problem of lack of fog datasets.
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1 Introduction

Under fog weather conditions, the scattering and absorption of light caused by a large
number of tiny water droplets suspended in the atmosphere greatly reduce the visibility,
resulting in lower image quality and affecting the accuracy of computer vision, such as
automatic driving, object detection, robot inspection of power system equipment, etc.
Therefore dehazing and sharpening of video images has become a key research content
in computer vision. A large number of machine learning and deep learning dehazing
algorithms need to be trained on foggy images. Due to the randomness of fog, it is
difficult to collect image data sets under real fog scenes, and the number of existing
natural foggy image datasets is difficult to meet the needs of research and training.

Based on Koschmieder’s law [1], the influence of atmospheric medium on image
information in foggy outdoor environment depends on the distance between scene infor-
mation and image acquisition equipment, that is, scene depth. The authenticity of fog
simulation image depends on the authenticity of the generated scene depth. Researchers
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have used a variety of methods to obtain scene depth, including direct measurements
using LiDar equipment and methods based on two images and videos. Methods in com-
puter vision include binocular disparity depth estimation, optical flow method, monoc-
ular depth estimation, etc. In the aspect of scene depth estimation, monocular depth
estimation based on unsupervised learning has become a hot research topic in this field
because it does not rely on depth truth value during network training. Gary [2] proposed
the use of stereo images to realize unsupervised monocular depth estimation without
depth label, and its working principle is similar to autoencoder. Based on the above
work, Godard [3] uses the consistency of left and right views to realize unsupervised
depth prediction, further adding details and improving resolution. However, the above
methods have limited ability to predict depth, and the prediction effect is not good for
the scene with rich details. Chen [5] created a new dataset ‘Depth in the Wild’, which
contained the relative Depth relationship between any image and random points in the
image, and proposed an algorithm to estimate Depth by using the relative Depth rela-
tionship. The algorithm can restore the details of the image well, but the prediction depth
needs to be improved.

In summary, the existing fog simulation methods are mainly based on the real infor-
mation or binocular disparity data to obtain the depth map, but from the reality, it is
difficult to obtain the real depth information and binocular image. Therefore, this paper
conducts monocular depth estimation based on unsupervised learning of real scenes,
uses feature fusion to refine the depth map details, and combines atmospheric scattering
model to generate high-quality fog simulation images.

2 Atmospheric Scattering Model

Under fog conditions, there are a large number of suspended particles in the atmosphere
to absorb and scatter light [6], which makes the imaging results of the detection system
degrade. There are two main reasons: first, the reflected light of the target is absorbed
and scattered by the suspended particles, resulting in the attenuation of brightness and
contrast; Second, ambient light such as atmospheric light forms background light due
to the scattering effect of medium, and is stronger than the target reflected light, which
often makes the image blurred. Therefore, the light source of foggy image imaging is
mainly the light that the target reflected light attenuates to the imaging system and the
atmospheric light that the light source is scattered by particles. Based on this principle,
the atmospheric scattering model widely used today is simplified, and its mathematical
model expression is as follows.

I(x) = J (x)t(x) + A(1 − t(x)) (1)

t(x) = e−βd(x) (2)

where I(x) is the foggy image; J(x) is the clear image; A is the atmospheric light value at
infinity; t(x) is the atmospheric transmittance map, formula (2) is the expression of the
transmission map, where β is the atmospheric scattering coefficient, d(x) is the distance
between the target and the camera, also known as scene depth, and the depth map is
represented by thermal image quantification.
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Based on the above atmospheric scattering model and its principle, the fog-free clear
images in natural environment are simulated as foggy images. Under the premise that
the atmospheric scattering coefficient is determined by the visibility, the estimation of
depth map, transmittance map and atmospheric light value becomes the main content of
the study.

3 Parameters Estimation

3.1 Estimation of Atmospheric Light Values

Since the clear original image does not have the influence of large pixel points caused by
fog [7–9], its atmospheric light value can be directly estimated by using the pixel point
of the brightest region in the image, which is generally the value of the sky region or
infinity. However, the single brightest pixel in the image tends to appear on small white
objects, such as vehicles andwhite floor tiles, and the atmospheric light value determines
whether the fog color is normal after fog simulation. Therefore, the dark channel [11]
method is used to estimate the atmospheric light value.

In the clear image without sky area, the dark channel approaches 0, while in the
original imagewith sky area, the pixels close to the sky area do not approach 0. Therefore,
the dark channel can be used to screen the sky area, and the three-channel pixels in this
area are averaged, so as to obtain the estimated value of atmospheric light. If there is no
sky area, the first 0.1% pixel in the dark channel corresponding to the brightest pixel in
the original image is used as the estimate value of atmospheric light.

3.2 Depth Map Estimation

The self-supervised monocular depth estimation method is trained with video sequences
or continuous images, which can input any monocular image and output a reliable depth
map. In this paper, the manydepth [12] model is used to obtain image depth. Using
the cost-volume [14] method in multi-view depth estimation [13], the model replaces
the original binocular image with a pair of front and rear frame images, overcoming the
scale ambiguity problem in depth estimation. The model is composed of pose estimation
network, cost-volume construction and depth estimation network. The block diagram is
shown in Fig. 1.
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Fig. 1. Self-supervised monocular depth estimation framework

Pose Estimation Network
Here, two adjacent frames of images are used to estimate the pose of the camera Tt→t+n
(n = −1), and the pose network is trained with the images of past adjacent frames. Then
the pose is described as (3).

Tt→t+n = θpose(It, It+n) (3)

Building a Cost-Volume
Cost-Volume is described as the difference in pixels of adjacent frames at different
depths, but it is not the difference in images but the difference in features. According
to the maximum depth dmax and minimum depth dmin, several planes P are divided in
the vertical direction of the It optical axis. Then, Ft+n→t,d , d ∈ P is obtained by using
the camera pose information and the internal reference matrix to transform the features
of the source image. The cost-volume is obtained by making the absolute value of the
difference between the source image features and the target image features. Finally, it is
combined with the features of the target image to get the depth estimation map through
the decoder.

Depth Estimation Network
Themanydepthmodel is trained usingmultiple image sequences, so the depth estimation
part is described as follows.

Dt = θdepth(It, It−1, . . . , It−n) (4)

Formula (4) shows that the model uses the image data of past frames as input to train
and predict depth (n = −1). The estimation of camera pose Tt→t+n using the current
estimated depth Dt and pose estimation network θpose is used to reconstruct the scene,
but only using pixels from adjacent frames (n = −1), which is described as follows.

It+n→t = It+n〈pr(Dt,Tt→t+n,K)〉 (5)
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where <> represents the sampling operator and pr represents the 2D coordinates of
the depth returned when pr reprojected into the camera of It+n. For each pixel, the loss
of the best-matched source image is optimized by selecting the smallest pixel on the
reconstruction loss pe, which can be expressed as follows.

Lp = min
n pe(It, It+n→t) (6)

Refinement of the Depth Map
It is found that the resolution of the input image has the following two effects on the
quality of the depth map. When the low resolution image is input, the generated depth
map has good depth consistency, but the image detail performance is poor. When a
high-resolution image is input, the predicted depth map has good image details but poor
depth consistency performance. The results are shown in Fig. 2 and Fig. 3.

Fig. 2. High resolution image and its depth map

Fig. 3. Low image and its depth map

Figure 2 and Fig. 3 show that the characteristics of the monocular depth estimation
network vary with the resolution of the input image, and the main reason is that the
network receptive field is limited, and the size of the receptive field mainly relies on the
network structure and the resolution of the training datasets, depth estimation depends
on the image context clues, when image clues in farther than receptive field, the network
cannot accept enough information.

To solve the above problem, we generate multiple depth maps for the individual
images to be merged to achieve results with high frequency details with a consistent
overall structure. The Pixel2pixel [16] structure with 10-layer U-net [15] is used as the
generator of themerge network,which accepts two depthmapswith different resolutions.
After the two depth maps are resized, different sampling patches are selected according
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Fig. 4. Multi-scale fusion

to the set gradient, and then multi-scale fusion is performed through the Pixel2Pixel
generator. Specific steps are shown in Fig. 4.

Figure 4 shows that by adding the Merge network, the depth image has the accurate
and consistent scene structure of the boundary,which lays a foundation for the subsequent
calculation of the transmittance map of fog images.

3.3 Transmission Map Estimation

According to formula (2), it can be concluded that the atmospheric extinction coefficient
β is an important parameter to generate the transmittance map in addition to the depth
map. According to Koschmieder’s law, visibility is closely related to the atmospheric
extinction coefficient, and the specific relationship is as follow.

V = − lnσ

β
(7)

where V is visible distance, namely visibility; β is the same as formula (2), is the
atmospheric extinction coefficient, σ is the visual contrast threshold, generally 0.02 or
0.05, this paper takes 0.05; Based on this law, the corresponding β value can be generated
according to the required visibility value, so that the estimated depth map can be used to
calculate the pixels in the image one by one, and the corresponding transmittance map
can be estimated.

Thus, the depth map, transmittance map and atmospheric light value needed for
fog simulation are estimated. Foggy images with different visibility can be simulated
according to the principle shown in formula (1): First use natural environment without
clear mist image depth map estimation and atmospheric optical value estimation, then
selected need visibility of atmospheric extinction coefficient is calculated, thus to esti-
mate transmittance using atmospheric scattering model finally from the clear picture to
the fog simulation, get visibility standard and the actual situation of image contrast. The
process is shown in Fig. 5.

4 Results and Discussion

4.1 Improved Depth Map Image Contrast

The outdoor natural environment images captured by the camera were used for the
experiment with a resolution of 1920 × 1080. Fog simulation was carried out before
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Fig. 5. Fog diagram simulation process

and after the improvement. As can be seen from Fig. 6, the perspective of the depth
map and transmittance map without improvement is too smooth, the details of the image
information are lacking, and the furthest depth of the depth map is not consistent with
the actual situation, resulting in too uniform fog in the perspective of the fog map. There
is no transition between the fog area and the non-fog area, which is inconsistent with
the real foggy image. Multi-scale feature fusion is used to improve the depth map. First,
the original image is clipped by line, and the original image and the clipped image with
two different resolutions are respectively input into the depth estimation model, and the
obtained results are merged to obtain the improved depth map. It can be seen from Fig. 7
that the details of the depth map and transmittance map are obvious, which are more
real than Fig. 6. The simulated fog map also has obvious depth information, and there
is a good transition between the fog area and the non-fog area, which is in line with the
actual situation.

Fig. 6. Imageswithout improvement.Clear image;Depthmap;Transmissionmap; Fog simulation
image
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Fig. 7. Images with improvement. Clear image; Depth map; Transmission map; Fog simulation
image

BRISQUE [17], NIQE [18] and PIQE [19] are selected to evaluate the quality of
simulated images in accordance with human visual effects. The smaller the value, the
better the quality and the more in line with human visual observation. As shown in
Table 1, adding Merge network effectively improves fog map quality.

Table 1. Image quality evaluation

Evaluating indicator BRISQUE NIQE PIQE

Original 27.7 2.9 47.3

Improvement 24.3 1.6 19.2

4.2 Foggy Images Under Different Scenes

In meteorology, the intensity of fog is described by visibility, which is the maximum
distance the human eye can identify an object from a background, usually the sky near
the horizon. In the following, fog (V = 100 m), medium fog (V = 500 m) and mist (V =
800 m) were simulated through images of three different scenes in 3D composite image,
cruise map of power equipment and urban road map in Cityscape datasets, as shown in
Fig. 8, Fig. 9 and Fig. 10 (Table 2).

Table 2. The relationship of visibility and fog concentration

Category Dense fog Big fog Moderate fog Mist

Visibility(km) <0.2 0.2~0.5 0.5~1.0 1.0~5.0

Fig. 8. Simulation of 3D modeling diagram. Visibility = 100 m; Visibility at = 500 m; Visibility
= 800 m
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Fig. 9. Simulation of urban road map. Visibility = 100 m; Visibility = 500 m; Visibility = 800
m

Fig. 10. Simulation of cruise map. Visibility = 100 m; Visibility = 500 m; Visibility = 800 m

4.3 Quality Evaluation of Foggy Simulated Images

In order to verify the validity of the simulated foggy images, the simulated foggy images
were compared with the real foggy images. Figure 12 shows the real fog images when
the visibility is 100 m, 300 m, 500 m and 800 m. Figure 13 shows the images with
visibility of 100 m, 300 m, 500 m and 800 m in fog simulation of the same scene without
fog. Figure 11 is a clear image, which is used to simulate the above real foggy images.
From the subjective evaluation of human vision, the fog degree of images is similar, the
image features are calculated and evaluated, and the image quality is compared using
the evaluation index of image sharpness without reference.

Fig. 11. A clear image of the same scene.

Fig. 12. Real fog. Visibility = 100 m; Visibility = 300 m; Visibility = 500 m; Visibility = 800
m.

Laplacian [20] gradient function, SMD function, SMD2 function [21] and informa-
tion entropy [22] function, which are commonly used to evaluate image sharpness with-
out reference, are used for quantitative evaluation. Laplacian gradient function adopts
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Fig. 13. Simulated fog image. Visibility = 100 m; Visibility = 300 m; Visibility = 500 m;
Visibility = 800 m.

Laplacian operator to extract horizontal and vertical gradient values respectively for
convolution operation. The higher the gradient value, the clearer the image is. The SMD
function is also used to accumulate the sum of the absolute values of the difference
between the gray values of adjacent pixels in two directions as the function value. The
higher the value, the clearer the image will be. The SMD2 function multiplicate the
two gray differences in each pixel neighborhood and then accumulates pixel by pixel,
which improves the former shortcoming. The operation of multiplication and division
is used to expand useful information. The larger the value, the clearer the image will
be. The information Entropy function measures the richness of image information. The
larger the value of the function, the richer the information and the more detailed features.
Although the above indicators have certain limitations, generally speaking, the closer the
value between the foggy image and the simulated image, the more realistic the simulated
image is (Table 3).

Table 3. Comparison of evaluation indicators

Visibility Category Laplacian SMD(107) SMD2(107) Entropy

100 m Real fog 80.5 0.335 0.966 3.968

100 m Simulated fog 79.3 0.331 0.953 3.637

300 m Real fog 140.3 0.732 1.334 4.212

300 m Simulated fog 139.1 0.712 1.322 4.207

500 m Real fog 160.7 0.882 1.912 4.334

500 m Simulated fog 159.1 0.812 2.121 4.451

800 m Real fog 189.6 0.901 2.874 4.673

800 m Simulated fog 187.3 0.873 2.889 4.771

4.4 Generation of Foggy Datasets

Using the above fog image generation algorithm, 765 urban road images are selected
from Cityscape datasets to generate a total of 7650 fog data sets with visibility labels of
50 m, 100 m, 200 m, 300 m, 400 m, 500 m, 600 m, 700 m, 800 m and 900 m. The data
sets are real and reliable. It can be used in many machine vision fields such as image
recognition and object detection. Part of the datasets are shown in Fig. 14.
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Fig. 14. Datasets of simulated foggy image. Visibility = 50 m; Visibility = 200 m; Visibility =
400 m

5 Conclusions

Aiming at the urgent needs of fog simulation technology, this paper proposes a fog sim-
ulation method based on improved self-supervised monocular depth estimation. Based
on the atmospheric scattering model, detailed depth images were generated by multi-
scale feature fusion and improved manydepth model. Then, the transmittance map was
obtained by given visibility, and the dark channel map was used to estimate the atmo-
spheric light value by distinguishing the sky region, so as to generate simulated fog
datasets with different visibility. Through the comparison of 15 groups of experimental
data, the fog simulation image conforms to human visual effect. This method is suitable
for outdoor images with a small proportion of sky background, and its average fog simu-
lation error rate is 6.2%, which indicates that the fog simulation method proposed in this
paper is reliable and can solve the problems of lack of data sets and missing visibility
data in fog days. It can be widely used in fog image recognition, visibility detection and
fog target detection and other fields.
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