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Abstract: In a foggy traffic environment, the vision sensor signal of intelligent vehicles will be
distorted, the outline of obstacles will become blurred, and the color information in the traffic road
will be missing. To solve this problem, four ultra-fast defogging strategies in a traffic environment are
proposed for the first time. Through experiments, it is found that the performance of Fast Defogging
Strategy 3 is more suitable for fast defogging in a traffic environment. This strategy reduces the
original foggy picture by 256 times via bilinear interpolation, and the defogging is processed via the
dark channel prior algorithm. Then, the image after fog removal is processed via 4-time upsampling
and Gaussian transform. Compared with the original dark channel prior algorithm, the image edge
is clearer, and the color information is enhanced. The fast defogging strategy and the original dark
channel prior algorithm can reduce the defogging time by 83.93–84.92%. Then, the image after fog
removal is inputted into the YOLOv4, YOLOv5, YOLOv6, and YOLOv7 target detection algorithms
for detection and verification. It is proven that the image after fog removal can effectively detect
vehicles and pedestrians in a complex traffic environment. The experimental results show that the
fast defogging strategy is suitable for fast defogging in a traffic environment.

Keywords: fast defogging strategy; dark channel prior; bilinear interpolation; upsampling; Gaus-
sian transform

1. Introduction

With the continuous improvement in people’s quality of life and travel demands,
accompanied by the increase in the number of vehicles year on year, the increase in the
total number of vehicles has led to an increase in road safety accidents, especially in a poor
traffic environment, such as on foggy days, and the frequency of accidents is increasing.
Therefore, it is of great importance to improve the detection of vehicles and pedestrians in
foggy traffic environments, and to accurately perceive information regarding vehicles and
pedestrians facing the road, in order to reduce the probability of traffic accidents. In a foggy
traffic environment, a large number of particles are suspended in the air, which scatter low,
and attenuate the reflected low of the target object in the environment; the low directly
received by the driver is also affected by the reflected low, resulting in changes in the
driver’s observation of the environment color, target proportion, clarity, and other relevant
information [1–3]. The detailed information is highly blurred [4], resulting in a low visibility
on the road, and a limited field of view [5,6], which increases the difficulty in identifying
the distance to the front and rear of vehicles and road signs, and in detecting obstacles
in the traffic environment in the night haze environment [7,8]. These problems are major
challenges for image processing and information retrieval in the later stages. Therefore,
it is particularly important for the vision-only autonomous vehicle to perform automatic
driving in the foggy traffic environment, and to process the foggy traffic environment
information quickly and clearly.

The object detection of vehicles and pedestrians in fog is the only way to achieve
autonomous driving and intelligent transport systems. In order to better meet the require-
ment that automatic driving can detect vehicles and pedestrians on the road in real time
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under foggy conditions, the detection process is divided into two stages. The first stage is to
remove fog from the perceived environment, and the second stage is to detect pedestrians
in the traffic environment, based on fog removal. The main innovation in this study is
the optimization of the first stage. A fog-removal strategy is proposed that can not only
preserve the feature information of the fogged images, but also improve the efficiency of
the fogged images. Then, the effectiveness of the defogging strategy is verified through its
combination with the existing target detection algorithm.

At present, the mainstream defogging algorithms are mainly divided into three cate-
gories. The first category is the image enhancement of image information acquired on foggy
days [9], which mainly enhances image details by improving the color, feature contour, and
contrast of the image, to make the processed image look clearer. The advantage of this type
of algorithm is that the computational process is simple, and the real-time fog-removal
result is relatively strong. The disadvantage is that the image processing details are not
taken into account too much when the image is defogged, which means that the details
of the image information are severely damaged on foggy days after defogging. Among
the image enhancement algorithms, the representative algorithms are histogram equal-
ization [10], retinex [11], automatic color enhancement (ACE) [12], etc. The second type
aims to recover image information on foggy days [3,13,14]. The image restoration is mainly
based on the physical model of atmospheric scattering. Through the observation and
summarization of a large number of images with fog and images without fog, the potential
mapping relationship is mined, and the inverse calculation is carried out according to the
formation process of foggy images, so as to achieve the effect of fog removal. The advantage
of this type of algorithm is that the fog-removal effect is good, but the disadvantage is
that the real-time performance is relatively poor. Among the defogging algorithms for
image restoration, the most representative algorithm is the dark channel prior algorithm [3],
which has a good defogging effect. Therefore, a large number of optimization algorithms
based on the dark channel prior algorithm have appeared. The third category is the fog-
removal algorithm based on deep learning [15–20]. The fog-removal algorithm based on
deep learning mainly uses a generative adversarial network and convolutional neural
network to defog images. The CNN-based method is mainly used to defog the fog image,
by estimating the transmission and atmospheric low value in the physical scattering model,
or to directly train a large number of defogging data, to realize the transformation of the
foggy image into the defogged image. The advantage of this algorithm is that it improves
the clarity of foggy images, and enhances the information features of foggy images. The
disadvantage is that there will be noise artefacts in the optimized image. It is difficult
for the above algorithms to meet the requirements of the accurate and real-time target
detection of vehicles and pedestrians by autonomous vehicles in foggy environments. In
order to meet the requirements of the accurate and real-time target detection of vehicles and
pedestrians in foggy environments, an optimization strategy is proposed that can efficiently
remove fog from foggy images, under the premise of retaining image feature information.

In a foggy traffic environment, the detection process is divided into two stages. The
first stage is to defog the foggy images by combining the optimization strategy with the
defogging algorithm; the second stage is to feed the defogged images into the target
detection algorithm for target detection. Target detection algorithms are mainly divided
into two categories. The first is the traditional target detection algorithm [21,22]. The
traditional target detection algorithm mainly uses a feature extractor to extract image
features, and relies on a sliding window to generate candidate regions, which involves
complicated calculation methods, a slow detection speed, and a low detection accuracy.
Therefore, it is not suitable for application in the target detection process of autonomous
vehicles. The second type is the object detection algorithm based on deep learning, and
the object detection algorithm based on deep learning is divided into two types. The first
type is the candidate region-based object detection algorithm, also known as the two-stage
object detection algorithm. The first stage is mainly to distinguish the foreground and
background of the image, and the second stage relies on CNN to extract the features of
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the region of interest for classification and regression. The representative algorithms are
R-CNN [23], Mask R-CNN [24], Fast R-CNN [25], Faster R-CNN [26], etc. The second
type is the regression-based target detection algorithm. The single-stage target detection
algorithm does not need to extract the target candidate region, but directly extracts the
information features of the image; this effectively improves the detection speed of the
image. The typical algorithms are YOLOv1 [27], YOLOv2 [28], YOLOv3 [29], YOLOv4 [30],
YOLOv5 [31], YOLOv6 [32], YOLOv7 [33], SSD series [34–36], and so on.

In order to achieve the accurate real-time target detection of vehicles and pedestrians
in foggy environment, this paper proposes four optimization strategies to remove fog
in foggy images. (1) The first optimization strategy is that the rows and columns of the
original images are reduced to 16 times the original size, and the total size of the images is
reduced by 256 times after Gaussian transformation, and subjected to 4-time downsampling
processing, to improve the processing efficiency for foggy pictures. Then, the fog removal of
the picture is conducted for 4-time upsampling, the picture rows and columns are expanded
to 16 times the original size, the total size of the picture is 256 times the reduced picture, and
then Gaussian transform is used. (2) The second optimization strategy is to reduce the rows
and columns of the original picture to 16 times the original size, and 256 times the total
size of the picture, through Gaussian transformation and 4-time downsampling processing,
to improve the processing efficiency of the foggy picture. Then, bilinear interpolation is
carried out on the picture after fog removal, to expand the rows and columns of the picture
after fog removal to 16 times the original size. The total size of the image is 256 times
that of the reduced image. (3) The third optimization strategy is to reduce the rows and
columns of the original picture to 16 times the original size through bilinear interpolation,
and reduce the total size of the picture by 256 times, to improve the processing efficiency
of the foggy picture. Then, the picture after fog removal is upsampled 4 times, and the
rows and columns of the picture are expanded to 16 times the original size, and the total
area is 256 times that of the reduced picture. Then, we perform the Gaussian transform.
(4) The fourth optimization strategy is to reduce the rows and columns of the original
picture to 16 times the original size, and 256 times the total size of the picture, through
bilinear interpolation, to improve the processing efficiency of the foggy picture. To verify
the effectiveness of the four optimization strategies, automatic color enhancement (ACE),
histogram equalization, and dark channel prior are selected in the defogging algorithms
of image enhancement and image restoration, respectively. Through verification and
comparison, it is found that, under the scenarios and requirements of this experiment, the
fusion effect of the dark channel prior defogging algorithm and Optimization Strategy 3
is better. If researchers choose the four optimization strategies proposed in this study to
optimize their own algorithms, they need to combine the experimental results according
to different needs. Compared with the original dark channel prior algorithm, the edge
of the defogged image becomes clearer, and the color information is enhanced. The fast
defogging strategy of traffic environments (the fusion of Fast Defogging Strategy 3 and
the original dark channel prior algorithm) and the original dark channel prior algorithm
can defog images with different concentrations, and the defogging time can be reduced by
83.93–84.92%. In order to further verify the effectiveness of Fast Defogging Strategy 3, the
images after defogging were inputted into the commonly used target detection algorithms
YOLOv4, YOLOv5, YOLOv6, and YOLOv7 for detection. The experimental results show
that, in complex traffic environment, vehicles and pedestrians in foggy images can be
effectively detected via the target detection algorithm after a fast defogging strategy, which
further verifies the effectiveness of Fast Defogging Strategy 3 (the fusion of Fast Defogging
Strategy 3 and the original dark channel prior algorithm).

2. Related Work
2.1. Four Optimization Strategies

At present, the method of detecting obstacles in a foggy environment is mainly the
combination of a defogging algorithm and a target detection algorithm. The defogging
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algorithm will reduce the feature information of the image in the process of defogging,
and the reduction in image feature information directly leads to a decrease in the target
detection accuracy. Therefore, we need to choose a high-quality defogging algorithm to
enhance the characteristics of the target information, but usually the required detection
time of the complete defogging algorithm will be substantial. In order to improve the
efficiency of fog removal, four strategies are proposed to accelerate fog removal Figure 1.
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Figure 1. Four defogging strategies. (a) Optimisation Strategy 1: the fogged image is first reduced via
Gaussian transform and 4-time downsampling processing, to reduce the size of the original image by
256 times, which improves the processing efficiency of the fogged image. Then, the defogging image
is upsampled 4 times, and the total size of the image is 256 times that of the reduced image, and then
Gaussian transform is performed. (b) Optimisation Strategy 2: the foggy image is first reduced via
Gaussian transform, and downsampled 4 times, to improve the processing efficiency of the foggy
image by 256 times. Then, bilinear interpolation is performed on the fogged image, to enlarge the
fogged image by 256 times. (c) Optimisation Strategy 3: the foggy image is first reduced by 256 times
via bilinear interpolation, to improve the processing efficiency of the foggy image, and then the image
after fog removal is up-sampled 4 times, and the total area is 256 times that of the reduced image, and
then Gaussian transformation is performed. (d) Optimisation Strategy 4: the foggy image is reduced
by 256 times via bilinear interpolation, to improve the processing efficiency of the foggy image, and
then the image after fog removal is enlarged by 256 times via bilinear interpolation.
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2.2. Gaussian Transform

Gaussian transform [37] is a smoothing and filtering algorithm based on the Gaussian
function, which can effectively reduce the noise between pixels, and produce clearer and
smoother images. The Gaussian transform is a linear smoothing filter algorithm that mainly
weights and sums the pixel information around each pixel in the image, to obtain a new
pixel value. The weight of each pixel is determined by the value in the Gaussian convolution
kernel function. The Gaussian convolution kernel function is a two-dimensional Gaussian
distribution function that is used to calculate the weight of pixels around each pixel point.
Through adjustment in the size and standard deviation of the convolution kernel, different
degrees of smoothing and noise reduction are produced, as shown in Equation (1) below:

I(x, y) = M(x, y)× G(x, y) =
x

M(u, v)G(x − u, y − v)dudv (1)

In Formula (1), M(x, y) is the pixel information of the original image, × represents the
convolution operation of M(x, y) and G(x, y), I(x, y) is the smoothed image, and G(x, y) is
the Gaussian kernel function; the specific formula is as follows (2):

G(x, y) =
1

2πσ2 e−
x2+y2

2σ2 (2)

In Formula (2), σ is the standard deviation of the Gaussian kernel function, which
is mainly used to calculate the weight of the pixels around each pixel. As the standard
deviation increases, the weight of the pixels around each pixel becomes weaker, and the
smoothness of the image becomes more apparent. So, Formula (2) gives a smooth image.

2.3. Bilinear Interpolation Algorithm

The bilinear interpolation algorithm [38] mainly calculates the pixel points on the
two-dimensional image as the new pixel values. The bilinear interpolation algorithm
mainly relies on the four closest pixel values around the pixel to derive the new pixel value,
and these four selected pixels must form a rectangular area around the new pixel, as shown
in Equation (3):

f1 =
(x2 − x) f (x1, y) + (x − x1) f (x2, y)

x2 − x1
(3)

In Formula (3), linear interpolation is mainly performed on the two closest pixel points
in the horizontal direction, where (x, y) are the calculated coordinates of the new pixel
points, the coordinate values are non-integers in the original image, (x, y1) and (x, y2) are
the two closest pixel points in the original image, and the values satisfy y1 ≤ x ≤ y2.
Formula (4) performs a weighted average of f1 and f2 to obtain the final pixel value, as
shown in Formula (4):

f (x, y) =
(x2 − x)(y2 − y) f (x1, y1) + (x − x1)(y2 − y) f (x2, y1) + (x2 − x)(y − y1) f (x1, y2) + (x − x1)(y − y1) f (x2, y2)

(x2 − x1)(y2 − y1)
(4)

In Formula (4), f (xi, yi) is the nearest pixel value. Bilinear interpolation involves
calculating the value of the new pixel point, by using linear interpolation and weighted
averaging in the horizontal and vertical directions. Bilinear interpolation is implemented
in combination with the image resize function, as shown in Equation (5), below:

T(x, y) = Y(
x
f x

,
y
f y

) (5)

In Formula (5), Y represents the original image, T represents the adjusted image, f x
and f y are the scaling factors adjusted according to the required image scale; the smaller the
scaling factor in the process of reducing the image (0 < f x < 1, 0 < f y < 1), the smaller
the size of the adjusted image. The larger the scaling factor when enlarging the image
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(1 < f x, 1 < f y), the larger the size of the adjusted image. x and y are the coordinates of
the adjusted image.

3. Experiment

In order to verify the effectiveness of the four optimization strategies, ACE, histogram
equalization, and dark channel prior algorithm are selected to combine the optimization
strategies. In the experiment, high-concentration fog pictures, medium-concentration fog
pictures, and low-concentration fog pictures are selected for defogging processing, and the
algorithm with a better defogging effect and a stronger real-time performance is identified
and analyzed. To better reflect the effectiveness of the defogging strategy, researchers
can adjust the size of the defogging pictures according to the requirements of clarity and
real-time.

3.1. Experimental Environment

In order to optimize the defogging algorithm and test the defogged pictures in complex
traffic environment with a deep learning object detection algorithm, the configuration of
the experimental environment is shown in Table 1.

Table 1. Experimental environment configuration.

Name Related Configuration

CPU Intel Xeon Gold 6248R
GPU RTX8000

GPU Accelerate library CUDA 11.7, CUDNN 8.6.0
Deep learning framework Pytorch 1.13.1

Operating system Ubuntu 20.04

3.2. Experimental Data

The foggy picture required in this experiment is the effect created by blending the
foggy mask image with the original image. The color of all the pixels in the foggy mask
image is set to (R = 166, G = 178, B = 180), resulting in a grey–blue color on the image. The
fog concentration is controlled via setting of the weight of the mask image and the original
image fusion. The weight range of the mask image and the original image fusion is from 0
to 1, with two decimal places. The closer the weight is to 1, the higher the weight of the
original image; the closer the weight is to 0, the higher the weight of the mask image. In this
experiment, the weight set for high-concentration fog pictures is a random value ranging
from 0.1 to 0.2, the weight set for medium-concentration fog pictures is a random value
ranging from 0.25 to 0.35, and the weight set for low-concentration fog pictures is a random
value ranging from 0.5 to 0.6, as shown in Figure 2, below. After fog images are obtained in
the experiment, deep learning algorithms are required for verification. The dataset adopted
by the deep learning model is BDD100K [39], which contains pictures in foggy, cloudy,
rainy, snowy, day, night, and other traffic environments. A total of 10,000 pictures including
pedestrians and vehicles are selected from BDD100K as the training set for this experiment.
The validation set and the test set, respectively, adopt 1000 self-made datasets, as shown in
Figure 2.
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3.3. Analysis of Experimental Results

To allow for better observation and analysis of the processed pictures, a fog-free picture
collected by the data is shown in Figure 3. ACE, histogram equalization, and the dark
channel prior algorithm combined four optimization strategies, to defog pictures with
a high concentration, medium concentration, and low concentration, respectively. The
defogging effect is shown in Figures 4–15.
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Sensors 2023, 23, x FOR PEER REVIEW 7 of 24 
 

 

    

Figure 2. No-fog picture, high-concentration-fog picture, medium-concentration-fog picture, and 
low-concentration-fog picture. 

3.3. Analysis of Experimental Results 
To allow for better observation and analysis of the processed pictures, a fog-free picture col-

lected by the data is shown in Figure 3. ACE, histogram equalization, and the dark channel prior 
algorithm combined four optimization strategies, to defog pictures with a high concentration, me-
dium concentration, and low concentration, respectively. The defogging effect is shown in Figures 
4–15. 

 

Figure 3. No-fog picture. 

 

   
Figure 4. The combination of the ACE algorithm and Strategy 1. After Gaussian transformation and 
4-time downsampling processing, the size of the original picture is reduced by 256 times, which 
improves the processing efficiency of the foggy picture. After the ACE algorithm is defogged, the 
picture after defogging is upsampled by 4 times. The image is enlarged to 256 times the original 
size, and then the Gaussian transform is performed, to obtain the image. 

   
Figure 5. The combination of the ACE algorithm and Strategy 2. Images with high-concentration 
fog, medium-concentration fog, and low-concentration fog are reduced by 256 times after Gaussian 
transformation and 4-time downsampling processing, which improves the processing efficiency for 
foggy images. After defogging via the ACE algorithm, the picture is obtained through the use of 
bilinear interpolation, to enlarge the picture 256 times after the fog removal. 

Figure 5. The combination of the ACE algorithm and Strategy 2. Images with high-concentration
fog, medium-concentration fog, and low-concentration fog are reduced by 256 times after Gaussian
transformation and 4-time downsampling processing, which improves the processing efficiency for
foggy images. After defogging via the ACE algorithm, the picture is obtained through the use of
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Figure 6. The combination of the ACE algorithm and Strategy 3. Images with a high concentration,
medium concentration, and low concentration of fog are reduced by 256 times via bilinear interpola-
tion, to improve the processing efficiency for foggy images. After defogging via the ACE algorithm,
the defogging images are upsampled 4 times, and the images are enlarged to 256 times the original
size. Then, the Gaussian transform produces the picture.
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Sensors 2023, 23, x FOR PEER REVIEW 8 of 24 
 

 

   
Figure 6. The combination of the ACE algorithm and Strategy 3. Images with a high concentration, 
medium concentration, and low concentration of fog are reduced by 256 times via bilinear interpo-
lation, to improve the processing efficiency for foggy images. After defogging via the ACE algo-
rithm, the defogging images are upsampled 4 times, and the images are enlarged to 256 times the 
original size. Then, the Gaussian transform produces the picture. 

   
Figure 7. The combination of the ACE algorithm and Strategy 4. High-fog, medium-fog, and low-
fog images are reduced by 256 times via bilinear interpolation, to improve the processing efficiency 
for foggy images. After defogging via the ACE algorithm, images with defogging are reconstructed 
via bilinear interpolation, and images with defogging are enlarged by 256 times. 

   
Figure 8. The combination of the histogram equalization algorithm and Strategy 1. The size of the 
original picture is reduced by 256 times via Gaussian transformation, and 4 times via downsam-
pling, which improves the processing efficiency of the foggy picture. After histogram equalization 
and fog removal, the picture after fog removal is upsampled by 4 times. The image is enlarged to 
256 times the original size, and then the image is obtained via Gaussian transformation. 

   
Figure 9. The combination of the histogram equalization algorithm and Strategy 2. Images with a 
high concentration of fog, medium concentration of fog, and low concentration of fog are reduced 
by 256 times after Gaussian transformation and 4-time downsampling processing, which improves 
the processing efficiency for foggy images. After histogram equalization to remove fog, the image 
with fog removed is enlarged 256 times via bilinear interpolation. 

   
Figure 10. The combination of the histogram equalization algorithm and Strategy 3. Images with 
high concentration of fog, medium concentration of fog, and low concentration of fog are reduced 

Figure 8. The combination of the histogram equalization algorithm and Strategy 1. The size of the
original picture is reduced by 256 times via Gaussian transformation, and 4 times via downsampling,
which improves the processing efficiency of the foggy picture. After histogram equalization and fog
removal, the picture after fog removal is upsampled by 4 times. The image is enlarged to 256 times
the original size, and then the image is obtained via Gaussian transformation.
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Figure 9. The combination of the histogram equalization algorithm and Strategy 2. Images with a
high concentration of fog, medium concentration of fog, and low concentration of fog are reduced by
256 times after Gaussian transformation and 4-time downsampling processing, which improves the
processing efficiency for foggy images. After histogram equalization to remove fog, the image with
fog removed is enlarged 256 times via bilinear interpolation.
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Figure 10. The combination of the histogram equalization algorithm and Strategy 3. Images with
high concentration of fog, medium concentration of fog, and low concentration of fog are reduced
by 256 times via bilinear interpolation, to improve the processing efficiency for foggy images. After
histogram equalization and fog removal, the image with fog removed is upsampled 4 times, and
the image is enlarged to 256 times the original size. Then, the Gaussian transform is applied to the
picture.
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Figure 11. The combination of the histogram equalization algorithm and Strategy 4. The images with
a high concentration of fog, medium concentration of fog, and low concentration of fog are reduced
by 256 times via bilinear interpolation, to improve the processing efficiency for foggy images. After
histogram equalization to remove fog, the image with fog removed is enlarged 256 times via bilinear
interpolation.
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defogged picture is upsampled by 4 times. The image is enlarged to 256 times the original size, and
then the image is obtained via Gaussian transformation.
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Figure 13. The combination of the dark channel prior algorithm and Strategy 2. Images with a
high concentration, medium concentration, and low concentration of fog are reduced by 256 times
after Gaussian transformation and 4-time downsampling processing, which improves the processing
efficiency for foggy images. The picture is obtained via bilinear interpolation, to enlarge the picture
256 times after the fog removal.
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Figure 14. The combination of the dark channel prior algorithm and Strategy 3. Images with a high
concentration, medium concentration, and low concentration are reduced by 256 times via bilinear
interpolation, to improve the processing efficiency for fogged images. After dark channel defogging,
the images with fog removed are upsampled 4 times, and the images are expanded to 256 times the
original size. Gaussian transformation is then applied to the images.
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Figure 15. The combination of the dark channel prior algorithm and Strategy 4. Images with a high
concentration, medium concentration, and low concentration of fog are reduced by 256 times through
bilinear interpolation, to improve the processing efficiency for foggy images. After the dark channel
is defogged, images with defogging are reconstructed via bilinear interpolation, and the defogged
images are enlarged by 256 times.

Figures 4–7 are the defogging images obtained via the ACE algorithm, combined with
the four optimization strategies (a–d) in Figure 1. The corresponding optimization strategy
in Figure 4 is that the foggy images are defogged via the ACE algorithm, after undergoing
Gaussian transformation and 4-time downsampling processing, and then the defogging
images are defogged via 4-time upsampling and Gaussian transformation. Comparing
Figure 4 with Figures 5–7, it can be seen that Defogging Strategy 1, corresponding to
Figure 4, has a better noise removal ability than the Defogging Strategy 2, Strategy 3, and
Strategy 4 in Figures 5–7, and the ambiguity in Figure 4 is higher than that in Figures 5–7.
Figure 5 shows that the foggy picture is defogged by the ACE algorithm after Gaussian
transformation and 4-time downsampling processing, and then the defogged picture is
defogged via bilinear interpolation and image enlargement. Comparing Figure 5 with
Figures 4, 6 and 7, it can be seen that Defogging Strategy 2, in Figure 5, shows a better
noise removal ability than Defogging Strategy 3 and Strategy 4, in Figures 6 and 7, while
Defogging Strategy 2, in Figure 5, has a worse noise removal ability than Defogging Strategy
1, in Figure 4. The fuzziness of Figure 5 is lower than that of Figure 4, and higher than that
of Figures 6 and 7. Figure 6 shows the bilinear interpolation of, and reduction in, the fogged
picture, defogging via the ACE algorithm, and then the 4-fold upsampling and Gaussian
transformation of the defogging picture. Comparing Figure 6 with Figures 4, 5 and 7, it can
be seen that Defogging Strategy 3, in Figure 6, shows a better noise removal capability than
Defogging Strategy 4, in Figure 7, while Defogging Strategy 3, in Figure 6, has a worse noise
removal capability than Defogging Strategy 1 and Defogging Strategy 2, in Figures 4 and 5.
The vagueness of Figure 6 is lower than that of Figure 4, and that of Figure 5 is higher
than that of Figure 7. Figure 7 shows the bilinear interpolation of, and reduction in, foggy
pictures, defogging via the ACE algorithm, and then the bilinear interpolation and image
enlargement of defogged pictures. Comparing Figure 7 with Figures 4–6, it can be seen
that Defogging Strategy 4, corresponding to Figure 7, has a poor ability to remove noise
compared with Defogging Strategy 1, Strategy 2, and Strategy 3, of Figures 4–6, and the
ambiguity of Figure 7 is lower than that of Figures 4–6. Based on the fuzzy degree of
the image, and the ability of the defogging algorithm to remove noise, it is found that
the vehicle features in the defogging pictures in Figures 5 and 6 are clearer than those
in Figure 4, and the defogging pictures in Figures 5 and 6 have less noise than those in
Figure 7. Optimization Strategy 2, corresponding to Figure 5, and Optimization Strategy 3,
corresponding to Figure 6, perform better among the four optimization strategies.

Figures 8–11 are the defogging images obtained through combining the histogram
equalization algorithm with the four optimization strategies a–d in Figure 1. The corre-
sponding optimization strategy in Figure 8 is to defog the foggy images via the histogram
equalization algorithm, after Gaussian transformation and 4-time downsampling process-
ing. Then, the image after fog removal is up-sampled 4 times, and undergoes Gaussian
transform. Comparing Figure 8 with Figures 9–11, it can be seen that the Defog Strategy 1,
corresponding to Figure 8, has a better noise removal ability than Defog Strategy 2, Strategy
3, and Strategy 4, of Figures 9–11, and the ambiguity of Figure 8 is higher than that of
Figures 9–11. Figure 9 shows that the foggy picture is defogged via the histogram equaliza-
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tion algorithm, after Gaussian transformation and 4-time downsampling processing, and
then the defogged picture is defogged via bilinear interpolation and image enlargement.
Comparing Figure 9 with Figures 8, 10 and 11, it can be seen that Defogging Strategy 2, in
Figure 9, shows a better noise removal ability than Defogging Strategy 3 and Strategy 4,
in Figures 10 and 11, while Defogging Strategy 2, in Figure 9, has a worse noise removal
ability than Defogging Strategy 1, in Figure 8. The vagueness of Figure 9 is lower than that
of Figure 8, and higher than that of Figures 10 and 11. Figure 10 shows the bilinear inter-
polation of, and reduction in, the foggy picture, defogging via the histogram equalization
algorithm, and then the 4-fold upsampling and Gaussian transformation of the defogging
picture. Comparing Figure 10 with Figures 8, 9 and 11, it can be seen that Defogging
Strategy 3, in Figure 10, has a better noise removal ability than Defogging Strategy 4, in
Figure 11, while Defogging Strategy 3, in Figure 10, has a worse noise removal ability than
Defogging Strategy 1 and Strategy 2, in Figures 8 and 9. The vagueness of Figure 10 is lower
than that of Figure 8, and that of Figure 9 is higher than that of Figure 11. Figure 11 shows
the bilinear interpolation of, and reduction in, foggy pictures, defogging via the histogram
equalization algorithm, and then the bilinear interpolation and image enlargement of de-
fogging pictures. Comparing Figure 11 with Figures 8–10, it can be seen that Defogging
Strategy 4, corresponding to Figure 11, shows a poor noise removal ability compared with
Defogging Strategy 1, Strategy 2, and Strategy 3, of Figures 8–10, and the ambiguity of
Figure 11 is lower than that of Figures 8–10. Based on the fuzzy degree of the image, and
the ability of the defogging algorithm to remove noise, it is found that the vehicle features
in the defogging pictures in Figures 9 and 10 are clearer than those in Figure 8; the white
blur at the junction between the edge of the viaduct and the sky in the defogging pictures
in Figure 10 is also lesser than that in Figures 8 and 9; the noise in Figures 9 and 10 is
lesser than that in Figure 11. Among the four optimization strategies, Defog Strategy 2,
corresponding to Figure 9, and Defog Strategy 3, corresponding to Figure 10, perform
better.

Figures 12–15 are the defog images obtained via the dark channel prior algorithm
combined with the four optimization strategies a–d in Figure 1. The defog images in
Figures 12–15 show no difference from the visualized images. The comparison between
Figures 4 and 5 and Figures 8 and 9 shows that the trees next to the road in Figures 8 and 9
are transformed into white fog, and the white boundary range at the junction between
the edge of the viaduct and the sky will increase with the increase in the concentration
of the foggy pictures. The comparison between Figures 6 and 7 and Figures 10 and 11
shows that the clarity of the vehicle features in Figures 6 and 7 is higher than that in
Figures 10 and 11. Through comparing the defogging pictures from Figure 4 to Figure 11, it
is found that different defogging algorithms and different defogging strategies will produce
different defogging effects. Through a comparison of the defogging images from Figure 4
to Figure 15, it is found that the dark channel prior defogging algorithm is more suited to
being combined with the four optimization strategies a–d in Figure 1, and shows a better
defogging effect compared with ACE and histogram equalization.

From the comparison of the above experimental results, we can find that the perfor-
mance of optimization Strategies 2 and 3 in Figure 1 is better than that of optimization
Strategies 1 and 4 in Figure 1. In the experiment, the dark channel prior defogging algo-
rithm is selected to be combined with Optimization Strategy 2 and Optimization Strategy
3, to optimize, and compare with, the original dark channel prior defogging algorithm.
Figures 16–18 were obtained using defogging pictures with a high concentration, medium
concentration, and low concentration, respectively. Combined with the canny [40] al-
gorithm and three-dimensional color distribution, the effectiveness of the original dark
channel prior defogging algorithm and Optimization Strategy 2 and Optimization Strategy
3, in Figure 1, was judged.
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1. In order to better analyze the performance of the optimization strategy, the canny algo-
rithm is used to process the original no-fog picture, as shown in Figure 19. Through com-
paring the contour line features in Figure 19 with those in Figure 20, it can be seen that the 
contour line features in the fog-removal picture with a high concentration are lower than 
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Figure 18. The pictures with high-concentration fog, medium-concentration fog, and low-
concentration fog after Optimization Strategy 3 (referring to the fusion of dark channel prior and
Optimization Strategy 3).

Figures 16–18 show the original dark channel prior defogging algorithm, the dark
channel prior defogging algorithm combined with Optimization Strategy 2 of (b) in Figure 1,
and the dark channel prior defogging algorithm combined with Optimization Strategy 3
of (c) in Figure 1, for defogging images of a high concentration, medium concentration,
and low concentration. Comparing the visualized fog-removal images in Figures 16–18,
no difference can be observed with the naked eye. In the experimental analysis, the
canny algorithm and three-dimensional color distribution were selected to analyze the
performance of the original dark channel prior defogging algorithm, the dark channel prior
defogging algorithm combined with Optimization Strategy 2 (b) in Figure 1, and the dark
channel prior defogging algorithm combined with Optimization Strategy 3 (c) in Figure 1.
In order to better analyze the performance of the optimization strategy, the canny algorithm
is used to process the original no-fog picture, as shown in Figure 19. Through comparing
the contour line features in Figure 19 with those in Figure 20, it can be seen that the contour
line features in the fog-removal picture with a high concentration are lower than those
in Figure 19, and there is no obvious difference between the contour line features in the
fog-removal picture with a medium concentration in Figure 20, and those in Figure 19.
The contour features of the lane lines in the defogging picture with low-concentration fog
in Figure 20 are obviously richer and clearer than those in Figure 19. Therefore, we can
conclude that the dark channel prior defogging algorithm itself has the performance of
enhancing the contour features of objects in the image.
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the canny algorithm.
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Figure 20. The results obtained via the canny algorithm on the defogging pictures in high-
concentration fog, defogging pictures in medium-concentration fog, and defogging pictures in
low-concentration fog, obtained via the original dark channel prior defogging algorithm.

We compared Figures 20–22, and found that there was basically no difference in
the feature contour information among the high-concentration-fog defogging pictures in
Figures 20–22. The contour features of motorcycles and motorcycle drivers in the fog-
removal pictures of a medium concentration in Figure 22 are richer and clearer than those
in the fog-removal pictures of a medium concentration in Figures 20 and 21. The outline
features of the car in the low-concentration fog-removal pictures in Figure 22 are richer and
clearer than those in the low-concentration fog-removal pictures in Figures 20 and 21. We
can conclude that the feature contours of the defogging pictures in Optimization Strategy
Three (referring to the fusion of dark channel prior and Optimization Strategy 3) are clearer
than those in Optimization Strategy Two (referring to the fusion of dark channel prior and
Optimization Strategy 2) and the original dark channel prior defogging pictures.
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Figure 21. The results obtained via the canny algorithm for the defogging picture for a high-
concentration fog day, the defogging picture for a medium-concentration fog day, and the defogging
picture for a low-concentration fog day, obtained via Optimization Strategy 2 (referring to the fusion
of dark channel prior and Optimization Strategy 2).
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Figure 23. The 3D color distribution in the fog-free image. 

  

Figure 22. The results obtained via the canny algorithm for the defogging picture for a high-
concentration fog day, the defogging picture for a medium-concentration fog day, and the defogging
picture for a low-concentration fog day, obtained via Optimization Strategy 3 (referring to the fusion
of dark channel prior and Optimization Strategy 3).

In order to further analyze the effectiveness of the optimization strategy, three-
dimensional color distribution is carried out in Figures 16–18, three-dimensional color
distribution of the fog free image is shown in Figure 23, and there is little difference in
the three-dimensional color distribution of the fog removal image with high concentration
of fog in Figures 24–26. Through comparing the three-dimensional color distribution in
the fog-removing pictures of medium concentration in Figure 23 with that in the fog-free
pictures in Figures 24–26, it can be seen that the three-dimensional color distribution in
the fog-removing pictures of medium concentration in Figures 25 and 26 is more similar
to that in the fog-free pictures in Figure 23, with more balanced pixels. On the other
hand, the three-dimensional color distribution diagram of the fog-removing picture in the
medium-concentration foggy day in Figure 24 is more dispersed. Through the compar-
ison of the three-dimensional color distribution in the images of low-concentration fog
removal in Figures 24–26, it can be seen that the three-dimensional color distribution in
the images of low-concentration fog removal in Figures 25 and 26 shows a smaller range,
and more balanced pixels, while the three-dimensional color distribution in the images of
low-concentration fog removal in Figure 24 shows a larger range, and more sparse pixels.
It can be concluded that the 3D color distribution in the defogging pictures in Optimization
Strategy Three (referring to the fusion of dark channel prior and Optimization Strategy 3)
is more balanced than that in optimization Strategy Two (referring to the fusion of dark
channel prior and Optimization Strategy 2), and the original dark channel prior defogging
pictures.
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tion Strategy 2, Optimization Strategy 3, and the original channel prior algorithm were 
used to conduct 20 groups of defogging experiments on high-concentration foggy pic-
tures, medium-concentration foggy pictures, and low-concentration foggy pictures, re-
spectively. The real-time defogging performance of Optimization Strategy 2, Optimiza-
tion Strategy 3, and the original dark channel prior algorithm was compared and ana-
lyzed. Figure 27 and Table 2, below, show this. 
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and low-concentration fog images obtained via optimizing Strategy Two (referring to the fusion of
dark channel prior and Optimization Strategy 2).
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Figure 26. The three-dimensional color distribution in high-concentration, medium-concentration,
and low-concentration fog images obtained via Optimizing Strategy Three (referring to the fusion of
dark channel prior and Optimization Strategy 3).

In order to further analyze which out of Optimization Strategy 2 and optimization
Strategy 3 has a better real-time performance, the optimization strategy with the best real-
time performance is compared with the original dark channel prior algorithm. Optimization
Strategy 2, Optimization Strategy 3, and the original channel prior algorithm were used
to conduct 20 groups of defogging experiments on high-concentration foggy pictures,
medium-concentration foggy pictures, and low-concentration foggy pictures, respectively.
The real-time defogging performance of Optimization Strategy 2, Optimization Strategy 3,
and the original dark channel prior algorithm was compared and analyzed. Figure 27 and
Table 2, below, show this.
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Figure 27. The original dark channel prior algorithm, Optimization Strategy 2 (referring to the fu-
sion of dark channel prior and Optimization Strategy 2), and Optimization Strategy 3 (referring to 
the fusion of dark channel prior and Optimization Strategy 3). The defogging time curve (a–c) ob-
tained via 20 groups of defogging experiments on low-concentration fog pictures, medium-concen-
tration fog pictures, and heavy-concentration fog pictures. The vertical axis represents the time 
taken to defog the image in milliseconds, and the horizontal axis represents the corresponding defog 
strategy. 

Table 2. A list of the 20 groups of experiments. Dark channel prior, Optimization Strategy 2, and 
Optimization Strategy 3 were used to calculate the minimum, maximum, and average defogging 
time of low-concentration fog pictures, medium-concentration fog pictures, and heavy-concentra-
tion fog pictures. The minimum values in the table are the minimum defogging times of low-con-
centration fog pictures, medium-concentration fog pictures, and heavy-concentration fog pictures 
in 20 groups of experiments, and the maximum values in the table are the maximum defogging 
times of low-concentration fog pictures, medium-concentration fog pictures, and heavy-concentra-
tion fog pictures in 20 groups of experiments. The average values in the table are the average defog-
ging times of low-concentration fog pictures, medium-concentration fog pictures, and heavy-con-
centration fog pictures in 20 groups of experiments, respectively. 

Algorithm 
Low-Concentration-Picture 

Defogging Time (ms)  
Medium-Concentration-Picture 

Defogging Time (ms) 
Heavy-Concentration-Picture 

Defogging Time (ms) 
Minimum Maximum Mean Minimum Maximum Mean Minimum Maximum Mean 

Dark Channel 
Prior 52.95 58.23 54.61 52.26 56.61 53.40 52.07 56.55 54.35 

Optimization 
Strategy 2 14.54 17.73 16.02 15.18 17.23 16.04 14.87 17.19 15.91 

Optimization 
Strategy 3 8.4 8.78 8.59 8.4 8.94 8.58 8.35 8.73 8.53 

Figure 27 shows the original dark channel prior algorithm, Optimization Strategy 2 
(referring to the fusion of dark channel prior and Optimization Strategy 2), and Optimi-
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Figure 27. The original dark channel prior algorithm, Optimization Strategy 2 (referring to the fusion
of dark channel prior and Optimization Strategy 2), and Optimization Strategy 3 (referring to the
fusion of dark channel prior and Optimization Strategy 3). The defogging time curve (a–c) obtained
via 20 groups of defogging experiments on low-concentration fog pictures, medium-concentration
fog pictures, and heavy-concentration fog pictures. The vertical axis represents the time taken to
defog the image in milliseconds, and the horizontal axis represents the corresponding defog strategy.

Table 2. A list of the 20 groups of experiments. Dark channel prior, Optimization Strategy 2, and
Optimization Strategy 3 were used to calculate the minimum, maximum, and average defogging time
of low-concentration fog pictures, medium-concentration fog pictures, and heavy-concentration fog
pictures. The minimum values in the table are the minimum defogging times of low-concentration
fog pictures, medium-concentration fog pictures, and heavy-concentration fog pictures in 20 groups
of experiments, and the maximum values in the table are the maximum defogging times of low-
concentration fog pictures, medium-concentration fog pictures, and heavy-concentration fog pictures
in 20 groups of experiments. The average values in the table are the average defogging times of
low-concentration fog pictures, medium-concentration fog pictures, and heavy-concentration fog
pictures in 20 groups of experiments, respectively.

Algorithm
Low-Concentration-Picture

Defogging Time (ms)
Medium-Concentration-Picture

Defogging Time (ms)
Heavy-Concentration-Picture

Defogging Time (ms)

Minimum Maximum Mean Minimum Maximum Mean Minimum Maximum Mean

Dark
Channel

Prior
52.95 58.23 54.61 52.26 56.61 53.40 52.07 56.55 54.35

Optimization
Strategy 2 14.54 17.73 16.02 15.18 17.23 16.04 14.87 17.19 15.91

Optimization
Strategy 3 8.4 8.78 8.59 8.4 8.94 8.58 8.35 8.73 8.53

Figure 27 shows the original dark channel prior algorithm, Optimization Strategy 2 (re-
ferring to the fusion of dark channel prior and Optimization Strategy 2), and Optimization
Strategy 3 (referring to the fusion of dark channel prior and Optimization Strategy 3). We
can see the defogging time curve obtained via 20 groups of defogging experiments on low-
concentration fog pictures, medium-concentration fog pictures, and heavy-concentration
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fog pictures. From the defogging time curve in Figure 27, we can easily see that, com-
pared with dark channel prior and Optimization Strategy 2, Optimization Strategy 3 has
the best real-time performance for fogging images with a high concentration, medium
concentration, or low concentration. The 20 groups of experiments are listed in Table 2,
by dark channel prior, Optimization Strategy 2, and Optimization Strategy 3, respectively.
We see the minimum, maximum, and average defogging time of low-concentration fog
pictures, medium-concentration fog pictures, and heavy-concentration fog pictures. From
Table 2, we can see that the real-time performance of Optimization Strategy 3 is better
than the original dark channel prior algorithm and optimization, and whether it is for
the minimum, maximum, or average defogging time of low-concentration fog pictures,
medium-concentration fog pictures, or heavy-concentration fog pictures, Strategy 2 has a
better real-time performance. Optimization Strategy 3 defogs the low-concentration foggy
images with the original dark channel prior. Compared with the original dark channel prior,
Optimization Strategy 3 reduced the minimum defogging time of low-concentration foggy
pictures by 84.14%, the maximum defogging time of low-concentration foggy pictures by
84.92%, and the average defogging time of low-concentration foggy pictures by 84.27%.
Optimization Strategy 3 defogged images with a medium concentration with the original
dark channel prior. Compared with the original dark channel prior, Optimization Strategy
3 reduced the minimum defogging time of images with a medium concentration by 83.93%,
the maximum defogging time of images with a medium concentration by 84.23%, and the
average defogging time of images with a medium concentration by 83.93%. Optimization
Strategy 3 defogged images with a medium concentration with the original dark channel
prior. Compared with the original dark channel prior, Optimization Strategy 3 reduced the
minimum defogging time of heavy-concentration foggy pictures by 83.96%, the maximum
defogging time of heavy-concentration foggy pictures by 84.56%, and the average defog-
ging time of heavy-concentration foggy pictures by 84.31%. According to comparative
analysis, we can conclude that Optimization Strategy 3 has a better real-time performance
than the dark channel prior algorithm and Optimization Strategy 2 and, compared with the
dark channel prior algorithm, Optimization Strategy 3 has greatly improved the real-time
performance and defogging effect.

In order to further verify the effectiveness and advancement of Optimization Strategy
3 (the fusion of dark channel prior and Optimization Strategy 3), the performance of
our optimized defog algorithm was compared with that of DCP [3], DCPDN [41], AOD-
NET [18], CAP [42], EN-DCP [43] defog algorithms. We obtain the similarity index measure
(SSIM) [44], and the peak signal-to-noise ratio (PSNR) [45], in order to calculate the average
gradient of a foggy picture. We first convert the color image to a grayscale image, then use
Sobel [46] to calculate the gradient on the X and Y axes of the image, then use the Euclidian
distance [47] formula to calculate the gradient amplitude and, finally, calculate the average
gradient amplitude, to obtain the average gradient. The higher the average gradient, the
better the image quality. The SSIM represents the structural similarity index measurement
between the original foggy image and the image after fog removal. The higher the value,
the closer the image structure after fog removal is to that of the original image. The PSNR is
used to evaluate the degree of image distortion, and the non-reference metric of the average
gradient is used to measure the fog image information richness. The larger the value of
the two types of information, the richer the image information will be, and the clearer the
details in the image will be. Tables 3–5, below, show this.
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Table 3. The DCP, DCPDN, AOD-NET, CAP, EN-DCP defogging algorithms, and our proposed
algorithms provide the quantitative results of defogging for the low-concentration foggy images in
Figure 2.

Evaluation Index DCP DCPDN AOD-NET CAP EN-DCP OUR

SSIM 0.7571 0.7751 0.7771 0.7673 0.7752 0.7774
PSNR 17.8324 16.9632 18.7632 17.8981 17.8651 19.1548

Average gradient 28.3689 28.3689 28.3689 28.3689 28.3689 28.3689
Defogging time (s) 0.0531 0.0402 0.0469 0.0108 0.0433 0.0084

Table 4. The DCP, DCPDN, AOD-NET, CAP, EN-DCP defogging algorithms and our proposed
algorithms provide quantitative results of defogging for medium concentration foggy images in
Figure 2.

Evaluation Index DCP DCPDN AOD-NET CAP EN-DCP OUR

SSIM 0.6987 0.6686 0.7139 0.6918 0.7023 0.7721
PSNR 17.9951 17.8921 18.2628 17.7897 15.6579 18.8902

Average gradient 18.5513 18.5513 18.5513 18.5513 18.5513 18.5513
Defogging time (s) 0.0530 0.0411 0.0471 0.0106 0.0435 0.0084

Table 5. The DCP, DCPDN, AOD-NET, CAP, EN-DCP defogging algorithms, and our proposed
algorithms, provide the quantitative results of defogging for the heavy-concentration foggy images
in Figure 2.

Evaluation Index DCP DCPDN AOD-NET CAP EN-DCP OUR

SSIM 0.7016 0.6879 0.7026 0.6899 0.6302 0.7042
PSNR 8.3707 8.298 9.0186 8.8167 8.3268 9.3659

Average gradient 6.2440 6.2440 6.2440 6.2440 6.2440 6.2440
Defogging time (s) 0.0532 0.0422 0.0480 0.0111 0.0443 0.0085

Compare the DCP, DCPDN, AOD-NET, and EN-DCP defogging algorithms in Tables 3–5
with the SSIM, PSNR, average gradient, and the evaluation indexes of the defogging
time of our fast defogging Optimization Strategy 3 (the fusion of dark channel prior
and Optimization Strategy 3). It can be seen that our fast fog-removal algorithm (the
fusion of dark channel prior and Optimization Strategy 3) shows an excellent detection
performance in SSIM, PSNR, average gradient, and fog-removal time. Especially in terms
of the defogging time, the fast defogging algorithm (the fusion of dark channel prior and
Optimization Strategy 3) takes 84.18% less time to defog images with a light concentration
than the original dark channel prior algorithm. The fast defogging algorithm (the fusion of
dark channel prior and Optimization Strategy 3) takes 84.15% less time to defog images
with a medium concentration than the original dark channel prior algorithm. The fast
defogging algorithm (the fusion of dark channel prior and Optimization Strategy 3) takes
84.02% less time to defog images in light-concentration fog than the original dark channel
prior algorithm. The comparison results prove the effectiveness of our fast fog-removal
optimization Strategy 3 (the fusion of dark channel prior and Optimization Strategy 3).

In order to further verify the effectiveness of our defogging algorithm on traffic scene
defogging, the traffic environment in the real world is selected for defogging treatment, and
the comparison is made with the classical defogging algorithm, and the recently developed
defogging algorithm, as shown in Figure 28:
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clearly found that the defogging effect of the result (c) on the distant traffic scene in the 
image is relatively poor, and there will be ambiguity after defogging. Via comparing the 
result (g) of our defogging algorithm with the result (d) of AOD-NET’s defogging algo-
rithm, it can be easily found that the contour of the result picture (g) is clearer than that of 
the result picture (d), and the effect of defogging in the distance is better. Through com-
paring the result (g) obtained via our defogging algorithm with the result (e) obtained via 
CAP’s defog algorithm, it can be clearly found that the brightness of the result picture (g) 
is more moderate than that of the result picture (e), and the result picture (e) obtained via 
CAP’s defogging algorithm is too bright in the far sky, and too dark in the near traffic 
scene environment, and the outline is not clear. Through comparison of the result (g) ob-
tained via our defogging algorithm with the result (f) obtained via the defogging algo-
rithm of EN-DCP, it can be clearly found that the contour of the result image (g) is clearer 
than that of the result image (e), and the result image contour obtained via the defogging 
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parison with these five algorithms further confirms the outstanding performance of our 
defogging algorithm in foggy traffic scenarios. 

3.4. Target Detection and Verification of Fast Fog-Removal Optimization Strategy Three 
In order to verify whether the object-detection algorithm can detect the vehicles and 
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Figure 28. A qualitative comparison of real-world images using different methods. (a) The input
fog image; (b) defogging images obtained via the DCP defogging algorithm; (c) defogging images
obtained via the DCPDN defogging algorithm; (d) defogging images obtained via the AOD-NET
defogging algorithm; (e) defogging images obtained via the CAP defogging algorithm; (f) defogging
images obtained via the EN-DCP defogging algorithm; (g) defogging images obtained via our
defogging algorithm.

Figure 28 shows the qualitative comparison with the results of five advanced defogging
algorithms, DCP, DCPDN, AOD-NET, CAP, and EN-DCP in a real foggy traffic environment.
Through comparing the result (g) of our defogging algorithm with the result (b) of DCP’s
defogging algorithm, it can be easily found that the result picture (g) has a more moderate
brightness than that of the result picture (b), and has a better defogging effect on the distant
traffic scene, and a clearer outline. Through comparing the result (g) of our defogging
algorithm with the result (c) of DCPDN’s defogging algorithm, it can be clearly found that
the defogging effect of the result (c) on the distant traffic scene in the image is relatively poor,
and there will be ambiguity after defogging. Via comparing the result (g) of our defogging
algorithm with the result (d) of AOD-NET’s defogging algorithm, it can be easily found
that the contour of the result picture (g) is clearer than that of the result picture (d), and the
effect of defogging in the distance is better. Through comparing the result (g) obtained via
our defogging algorithm with the result (e) obtained via CAP’s defog algorithm, it can be
clearly found that the brightness of the result picture (g) is more moderate than that of the
result picture (e), and the result picture (e) obtained via CAP’s defogging algorithm is too
bright in the far sky, and too dark in the near traffic scene environment, and the outline is
not clear. Through comparison of the result (g) obtained via our defogging algorithm with
the result (f) obtained via the defogging algorithm of EN-DCP, it can be clearly found that
the contour of the result image (g) is clearer than that of the result image (e), and the result
image contour obtained via the defogging algorithm of EN-DCP has artifacts, and the far
and near traffic scenes are darker. Comparison with these five algorithms further confirms
the outstanding performance of our defogging algorithm in foggy traffic scenarios.

3.4. Target Detection and Verification of Fast Fog-Removal Optimization Strategy Three

In order to verify whether the object-detection algorithm can detect the vehicles and
pedestrians in the fog-removal image via Optimization Strategy 3, the commonly used
YOLOv4, YOLOv5, YOLOv6, and YOLOv7 object-detection algorithms are selected. The
vehicles and pedestrians in the images of high-concentration fog, medium-concentration
fog, and low-concentration fog were, respectively, detected. Figures 29–36 are shown below.
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Figure 36. YOLOv7, respectively, detects vehicles and pedestrians in defogging pictures with high-
concentration fog, medium-concentration fog, and low-concentration fog.

As can be seen from the visual target detection results of Figures 29, 31, 33 and 35,
which have never been defogging by the rapid defogging Optimization strategy 3 (the
fusion of dark channel prior and Optimization strategy 3), YOLOv4, YOLOv5, YOLOv6
and YOLOv7 have different degrees of missed detection and false detection when de-
tecting vehicles and pedestrians in images of high concentration fog, medium concen-
tration fog and low concentration fog. By comparing the visual target detection results
of Figures 30, 32, 34 and 36 with the defogging optimization strategies 3 (the fusion of
dark channel prior and Optimization Strategy 3), it can be seen that YOLOv4, YOLOv5,
YOLOv6 and YOLOv7 have greatly improved the detection effect on vehicles and pedes-
trians in the defogging images with high concentration fog, medium concentration fog
and low concentration fog. The visualized detection results further prove that the fast
fog-removal Optimization Strategy 3 can detect vehicles and pedestrians in the foggy traffic
environment.

4. Conclusions

This paper presents a fast fog-removal strategy suitable for a traffic environment. In
the experiment, by reducing the size of the foggy picture to reduce the time of fog removal,
the experiment formulated four optimization strategies. Four optimization strategies were
combined with automatic color equalization (ACE), histogram equalization, and the dark
channel prior algorithm, to compare the effectiveness of their optimization strategies.
The experimental results show that the combination of Strategy 3 and the dark channel
prior algorithm is the best optimization strategy. After bilinear interpolation, the original
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foggy picture is reduced by 256 times, and the dark channel prior algorithm is used for
defogging. Then, the image after defogging is processed via 4-time up-sampling and
Gaussian transform. The feature contour information of the image is more perfect, and
the color information is also enhanced. The fast defogging strategy suitable for a traffic
environment is compared with the original dark channel prior algorithm, to defog images
of different concentrations, and the defogging time is reduced by 83.93–84.92%. The target-
detection algorithm can successfully detect vehicles and lanes in high-concentration fog,
medium-concentration fog, and low-concentration fog, and verify the effectiveness of the
fast fog-removal optimization strategy.

The target detection algorithm can successfully detect vehicles and pedestrians in high-
concentration fog, medium-concentration fog, and low-concentration fog, and verify the
effectiveness of the fast fog-removal optimization strategy. The rapid defogging optimiza-
tion strategy can show an excellent defogging performance in a daytime foggy environment,
but the performance in a night foggy environment is very ordinary, which is what we need
to work on in the future. In future work, we will further optimize the defogging strategy,
to improve the defogging performance in a nighttime foggy environment.

Author Contributions: Conceptualization, X.L. and Y.L.; methodology, X.L., L.H. and Y.L.; software,
X.L.; validation, X.L., Y.L. and L.H.; formal analysis, X.L.; investigation, L.H.; resources, Y.L.; data
curation, L.H. and Y.L.; writing—original draft preparation, X.L.; writing—review and editing, X.L.;
All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data are available in a publicly accessible repository. The data
presented in this study are openly available in [repository name Berkeley DeepDrive] at (https:
//bdd-data.berkeley.edu/portal.html#download) (accessed on 1 May 2022), reference number [39].

Acknowledgments: I am grateful to Fisher Yu et al. for publicly releasing the BDD100K dataset,
which laid the foundation for training a good network model. I would especially like to thank my
team members for their excellent cooperation and patient support during the experiment.

Conflicts of Interest: The author declares no conflict of interest.

References
1. Narasimhan, S.G.; Nayar, S.K. Contrast restoration of weather degraded images. IEEE Trans. Pattern Anal. Mach. Learn. 2003, 25,

713–724. [CrossRef]
2. Ancuti, C.O. Single Image Dehazing by Multi-Scale Fusion. IEEE Trans. Image Process. 2013, 22, 3271–3282. [CrossRef]
3. He, K.; Sun, J.; Tang, X. Single Image Haze Removal Using Dark Channel Prior. IEEE Trans. Pattern Anal. Mach. Intell. 2010, 33,

2341–2353. [CrossRef] [PubMed]
4. Kumar, R.; Kaushik, B.K.; Balasubramanian, R. Multispectral Transmission Map Fusion Method and Architecture for Image

Dehazing. IEEE Trans. Very Large Scale Integr. (VLSI) Syst. 2019, 27, 2693–2697. [CrossRef]
5. Zheng, J.; Li, Z.; Zhu, Z.; Wu, S.; Rahardja, S. Hybrid Patching for a Sequence of Differently Exposed Images with Moving Objects.

IEEE Trans. Image Process. 2013, 22, 5190–5201. [CrossRef] [PubMed]
6. Kou, F.; Wei, Z.; Chen, W.; Wu, X.; Wen, C.; Li, Z. Intelligent Detail Enhancement for Exposure Fusion. IEEE Trans. Multimedia

2017, 20, 484–495. [CrossRef]
7. Liu, Y.; Yan, Z.; Tan, J.; Li, Y. Multi-Purpose Oriented Single Nighttime Image Haze Removal Based on Unified Variational Retinex

Model. IEEE Trans. Circuits Syst. Video Technol. 2022, 33, 1643–1657. [CrossRef]
8. Yan, W.; Tan, R.T.; Dai, D. Nighttime Defogging Using High-Low Frequency Decomposition and Grayscale-Color Networks. In

Computer Vision—ECCV 2020; Lecture Notes in Computer Science; Vedaldi, A., Bischof, H., Brox, T., Frahm, J.M., Eds.; Springer:
Cham, Switzerland, 2020; Volume 12357. [CrossRef]

9. Jang, J.H.; Bae, Y.; Ra, J.B. Contrast-Enhanced Fusion of Multisensor Images Using Subband-Decomposed Multiscale Retinex.
IEEE Trans. Image Process. 2012, 21, 3479–3490. [CrossRef]

10. Stark, J. Adaptive image contrast enhancement using generalizations of histogram equalization. IEEE Trans. Image Process. 2000,
9, 889–896. [CrossRef]

https://bdd-data.berkeley.edu/portal.html#download
https://bdd-data.berkeley.edu/portal.html#download
https://doi.org/10.1109/TPAMI.2003.1201821
https://doi.org/10.1109/TIP.2013.2262284
https://doi.org/10.1109/tpami.2010.168
https://www.ncbi.nlm.nih.gov/pubmed/20820075
https://doi.org/10.1109/TVLSI.2019.2932033
https://doi.org/10.1109/TIP.2013.2283401
https://www.ncbi.nlm.nih.gov/pubmed/24108466
https://doi.org/10.1109/TMM.2017.2743988
https://doi.org/10.1109/TCSVT.2022.3214430
https://doi.org/10.1007/978-3-030-58610-2_28
https://doi.org/10.1109/TIP.2012.2197014
https://doi.org/10.1109/83.841534


Sensors 2023, 23, 7506 23 of 24

11. Wanting, Y.; Ronggui, W.; Shuai, F.; Zhang, X. Variable Filter Retinex Algorithm for Foggy Image Enhancement. Jisuanji Fuzhu
Sheji Yu Tuxingxue Xuebao/J. Comput.-Aided Des. Comput. Graph. 2010, 22, 965–971. [CrossRef]

12. Getreuer, P. Automatic Color Enhancement (ACE) and its Fast Implementation. Image Process. Line 2012, 2, 266–277. [CrossRef]
13. Meng, G.; Wang, Y.; Duan, J.; Xiang, S.; Pan, C. Efficient Image Dehazing with Boundary Constraint and Contextual Regularization.

In Proceedings of the ICCV—IEEE International Conference on Computer Vision, Sydney, Australia, 1–8 December 2013; pp. 617–
624. [CrossRef]

14. Kumar, A.; Chourasia, B.; Kurmi, Y. Image Defogging by Multiscale Depth Fusion and Hybrid Scattering Model. Int. J. Comput.
Appl. 2016, 155, 34–38. [CrossRef]

15. Cai, B.; Xu, X.; Jia, K.; Qing, C.; Tao, D. DehazeNet: An End-to-End System for Single Image Haze Removal. IEEE Trans. Image
Process. 2016, 25, 5187–5198. [CrossRef] [PubMed]

16. Lin, H.-Y.; Lin, C.-J. Using a hybrid of fuzzy theory and neural network filter for single image dehazing. Appl. Intell. 2017, 47,
1099–1114. [CrossRef]

17. Eigen, D.; Krishnan, D.; Fergus, R. Restoring an Image Taken through a Window Covered with Dirt or Rain. In Proceedings of the
Conference on Computer Vision, Sydney, Australia, 29–30 May 2014; pp. 633–640. [CrossRef]

18. Li, B.; Peng, X.; Wang, Z.; Xu, J.; Feng, D. AOD-Net: All-in-One Dehazing Network. In Proceedings of the 2017 IEEE International
Conference on Computer Vision (ICCV), Venice, Italy, 22–29 October 2017; pp. 4780–4788. [CrossRef]

19. Chen, D.; He, M.; Fan, Q.; Liao, J.; Zhang, L.; Hou, D.; Hua, G. Gated Context Aggregation Network for Image Dehazing and
Deraining. In Proceedings of the 2019 IEEE Winter Conference on Applications of Computer Vision (WACV), Waikoloa, HI, USA,
7–11 January 2019; pp. 1375–1383. [CrossRef]

20. Qin, X.; Wang, Z.; Bai, Y.; Xie, X.; Jia, H. FFA-Net: Feature Fusion Attention Network for Single Image Dehazing. In Proceedings
of the AAAI Conference on Artificial Intelligence, New York, NY, USA, 7–12 February 2020; AAAI: Washington, DC, USA, 2020;
Volume 34, pp. 11908–11915. [CrossRef]

21. Lienhart, R.; Maydt, J. An extended set of Haar-like features for rapid object detection. In Proceedings of the International
Conference on Image Processing, Rochester, NY, USA, 22–25 September 2002. [CrossRef]

22. Dalal, N.; Triggs, B. Histograms of Oriented Gradients for Human Detection. In Proceedings of the Computer Vision and Pattern
Recognition (CVPR’05), San Diego, CA, USA, 20–26 June 2005; pp. 886–893. [CrossRef]

23. Uijlings, J.R.R.; van de Sande, K.E.A.; Gevers, T.; Smeulders, A.W.M. Selective Search for Object Recognition. Int. J. Comput. Vis.
2013, 104, 154–171. [CrossRef]

24. He, K.; Gkioxari, G.; Dollár, P.; Girshick, R. Mask r-cnn. In Proceedings of the IEEE International Conference on Computer Vision,
Venice, Italy, 22–29 October 2017; pp. 2961–2969.

25. Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN: Towards real-time object detection with region proposal networks. IEEE Trans.
Pattern Anal. Mach. Intell. 2017, 39, 1137–1149. [CrossRef] [PubMed]

26. Hosang, J.; Benenson, R.; Dollar, P.; Schiele, B. What Makes for Effective Detection Proposals? IEEE Trans. Pattern Anal. Mach.
Intell. 2015, 38, 814–830. [CrossRef]

27. Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You Only Look Once: Unified, Real-Time Object Detection. In Proceedings of the
2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016; pp. 779–788.
[CrossRef]

28. Redmon, J.; Farhadi, A. YOLO9000: Better, Faster, Stronger. In Proceedings of the 30th IEEE Conference on Computer Vision and
Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 6517–6525. [CrossRef]

29. Redmon, J.; Farhadi, A. YOLOv3: An incremental improvement (2018). arXiv 2018, arXiv:1804.02767.
30. Bochkovskiy, A.; Wang, C.Y.; Liao, H.Y.M. YOLOv4: Optimal Speed and Accuracy of Object Detection. arXiv 2020,

arXiv:2004.10934v1.
31. Jocher, G. YOLOv5 Release v6.1. 2022. 2, 7, 10. Available online: https://github.com/ultralytics/yolov5/releases/tag/v6.1

(accessed on 12 January 2022).
32. Li, C.Y.; Li, L.L.; Jiang, H.L.; Weng, K.H.; Geng, Y.; Li, L.; Wei, X. YOLOv6: A Single-Stage Object Detection Framework for

Industrial Applications. arXiv 2022, arXiv:2209.02976.
33. Wang, C.-Y.; Bochkovskiy, A.; Liao, H.-Y.M. YOLOv7: Trainable Bag-of-Freebies Sets New State-of-the-Art for Real-Time Object

Detectors. arXiv 2022, arXiv:2207.02696.
34. Liu, W.; Anguelov, D.; Erhan, D.; Szegedy, C.; Reed, S.; Fu, C.Y.; Berg, A.C. SSD: Single Shot MultiBox Detector (2016). arXiv 2016,

arXiv:1512.02325.
35. Jeong, J.; Park, H.; Kwak, N. Enhancement of SSD by concatenating feature maps for object detection. arXiv 2017, arXiv:1705.09587.
36. Shen, Z.; Liu, Z.; Li, J.; Jiang, Y.-G.; Chen, Y.; Xue, X. DSOD: Learning Deeply Supervised Object Detectors from Scratch. In

Proceedings of the 2017 IEEE International Conference on Computer Vision, Venice, Italy, 22–29 October 2017; pp. 1937–1945.
37. Rasmussen, C.E. Gaussian Processes in Machine Learning. In Advanced Lectures on Machine Learning; Bousquet, O., von Luxburg,

U., Rätsch, G., Eds.; Lecture Notes in Computer Science; Springer: Berlin/Heidelberg, Germany, 2003; Volume 3176. [CrossRef]
38. Kim, K.-H.; Shim, P.-S.; Shin, S. An Alternative Bilinear Interpolation Method Between Spherical Grids. Atmosphere 2019, 10, 123.

[CrossRef]

https://doi.org/10.3724/SP.J.1089.2010.10848
https://doi.org/10.5201/ipol.2012.g-ace
https://doi.org/10.1109/iccv.2013.82
https://doi.org/10.5120/ijca2016912488
https://doi.org/10.1109/TIP.2016.2598681
https://www.ncbi.nlm.nih.gov/pubmed/28873058
https://doi.org/10.1007/s10489-017-0942-z
https://doi.org/10.1109/iccv.2013.84
https://doi.org/10.1109/iccv.2017.511
https://doi.org/10.1109/WACV.2019.00151
https://doi.org/10.1609/aaai.v34i07.6865
https://doi.org/10.1109/icip.2002.1038171
https://doi.org/10.1109/CVPR.2005.177
https://doi.org/10.1007/s11263-013-0620-5
https://doi.org/10.1109/TPAMI.2016.2577031
https://www.ncbi.nlm.nih.gov/pubmed/27295650
https://doi.org/10.1109/TPAMI.2015.2465908
https://doi.org/10.1109/CVPR.2016.91
https://doi.org/10.1109/cvpr.2017.690
https://github.com/ultralytics/yolov5/releases/tag/v6.1
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.3390/atmos10030123


Sensors 2023, 23, 7506 24 of 24

39. Yu, F.; Chen, H.; Wang, X.; Xian, W.; Chen, Y.; Liu, F.; Madhavan, V.; Darrell, T. BDD100K: A Diverse Driving Dataset
for Heterogeneous Multitask Learning. In Proceedings of the 2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), Seattle, WA, USA, 13–19 June 2020; pp. 2633–2642. [CrossRef]

40. Canny, J. A Computational Approach to Edge Detection. IEEE Trans. Pattern Anal. Mach. Intell. 1986, 8, 679–698. [CrossRef]
41. Zhang, H.; Patel, V.M. Densely connected pyramid dehazing network. In Proceedings of the IEEE Conference on Computer

Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 3194–3203.
42. Zhu, Q.; Mai, J.; Shao, L. A Fast Single Image Haze Removal Algorithm Using Color Attenuation Prior. IEEE Trans. Image Process.

2015, 24, 3522–3533. [CrossRef] [PubMed]
43. Wang, C.; Ding, M.; Zhang, Y.; Wang, L. A Single Image Enhancement Technique Using Dark Channel Prior. Appl. Sci. 2021, 11,

2712. [CrossRef]
44. Fan, X.; Ye, S.; Shi, P.; Zhang, X.; Ma, J. An Image Dehazing Algorithm Based on Improved Atmospheric Scattering Model. J.

Comput. Des. Comput. Graph. 2019, 31, 1148. [CrossRef]
45. Xiao, J.; Shen, M.; Lei, J.; Xiong, W.; Jiao, C. Image conversion algorithm of haze scene based on generative adversarial networks.

J. Comput. Sci. 2020, 43, 165–176.
46. Peng, O.T.; Chaikan, P. High performance and energy efficient sobel edge detection. Microprocess. Microsyst. 2021, 87, 104368.

[CrossRef]
47. Kolountzakis, M.N.; Kutulakos, K.N. Fast computation of the Euclidian distance maps for binary images. Inf. Process. Lett. 1992,

43, 181–184. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1109/cvpr42600.2020.00271
https://doi.org/10.1109/TPAMI.1986.4767851
https://doi.org/10.1109/tip.2015.2446191
https://www.ncbi.nlm.nih.gov/pubmed/26099141
https://doi.org/10.3390/app11062712
https://doi.org/10.3724/SP.J.1089.2019.17458
https://doi.org/10.1016/j.micpro.2021.104368
https://doi.org/10.1016/0020-0190(92)90197-4

	Introduction 
	Related Work 
	Four Optimization Strategies 
	Gaussian Transform 
	Bilinear Interpolation Algorithm 

	Experiment 
	Experimental Environment 
	Experimental Data 
	Analysis of Experimental Results 
	Target Detection and Verification of Fast Fog-Removal Optimization Strategy Three 

	Conclusions 
	References

