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Abstract: Affected by the uneven concentration of coal dust and low illumination, most of the images
captured in the top-coal caving face have low definition, high haze and serious noise. In order to
improve the visual effect of underground images captured in the top-coal caving face, a novel single-
channel Retinex dedusting algorithm with frequency domain prior information is proposed to solve
the problem that Retinex defogging algorithm cannot effectively defog and denoise, simultaneously,
while preserving image details. Our work is inspired by the simple and intuitive observation that
the low frequency component of dust-free image will be amplified in the symmetrical spectrum
after adding dusts. A single-channel multiscale Retinex algorithm with color restoration (MSRCR)
in YIQ space is proposed to restore the foggy approximate component in wavelet domain. After
that the multiscale convolution enhancement and fast non-local means (FNLM) filter are used to
minimize noise of detail components while retaining sufficient details. Finally, a dust-free image
is reconstructed to the spatial domain and the color is restored by white balance. By comparing
with the state-of-the-art image dedusting and defogging algorithms, the experimental results have
shown that the proposed algorithm has higher contrast and visibility in both subjective and objective
analysis while retaining sufficient details.

Keywords: top-coal caving face; image dedusting; frequency domain prior information; fast single-
channel MSRCR

1. Introduction

Along with the rapid development of intelligent mining technology integrating the
coal industry with big data, image and video technology have come to be widely used in all
aspects of mining. However, the complex underground environment and insufficient light-
ing conditions—especially at the top-coal caving face, where smog-like weather easily forms
due to the influence of coal falling over a large area with the help of gravity—seriously
degrade the captured image and bring many difficulties to the subsequent processing of
the image [1]. For better visual effects, richer colors and sight of more detail information, it
is necessary to apply image dedusting methods, which are one of the key technological
areas of development necessary for the construction of intelligent mines.

In the past decade, many defogging approaches have been proposed to improve the
image quality of natural haze scenes. A visual comparison of foggy outdoor images and
defogged images is shown in Figure 1. It can be clearly seen that the defogged images
(Figure 1b) provide richer, more detail information and have a better visual effect than
the foggy images with a gray layer (Figure 1a). As a part of image pre-processing, the
defogging algorithm of physical-based and enhancement-based restoration methods has
always formed a mainstream area of research in computer vision studies [2,3]. The physical-
based restoration method solves the inverse process of image degradation by using an
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atmospheric scattering model, and thus obtains a clear image [4]. The process can be
divided into four categories: depth information-based [5,6], light polarization-based [7,8],
prior information-based [4,9-11] and deep learning [12-15]. Although restoration methods
based on the physical model have achieved remarkable effect when it comes to natural haze
removal, these have limited application at the top-coal caving face due to the conditions
of low light, high noise and random and uneven distribution of dust concentration. In
short, the defogging method based on the physical model easily fails in this environment,
with low contrast or a need for physical equipment, which is inconvenient in practical
application [3].

Figure 1. Instances of foggy and defogged images of natural haze scenes. (a) Two foggy images.
(b) Defogged images by means of our method.

The defogging method based on image enhancement can simply and effectively im-
prove the contrast of an image, which is suitable for various scenes, and removes the
dependence on physical equipment. The process mainly includes histogram equaliza-
tion [16], a smoothing filter [17] and Retinex enhancement [18-21]. Histogram equalization
can only enhance the image contrast; it cannot enhance the details or effectively remove
noise. The smoothing filter can simultaneously enhance the image and noise when the
original image is complex and noisy. Retinex algorithms have the characteristic of im-
proving image brightness, which makes them ideal for effective image enhancement and
defogging [22]. Use of these algorithms may be a suitable and effective method for dust
removal and enhancement in a low-light environment such as that of the top-coal caving
face. However, they cannot effectively defog and denoise an image, simultaneously, while
preserving the image’s details.

The key to dust removal with images of the top-coal caving face is to solve the
contradiction between haze removal, contrast enhancement, noise suppression and detail
retention. Hence, we propose a joint dedusting and enhancement method via a single-
channel multiscale Retinex algorithm with color restoration (SC_MSRCR) with frequency
domain prior information, to simultaneously remove dust and enhance the details and
contrast. Firstly, the original image is decomposed into a foggy approximate component
and three noisy detail components by wavelet transform, and the SC_MSRCR algorithm is
used on the foggy approximate component. For each noisy detail component, a multiscale
convolution enhancement method is firstly processed to enhance the image detail, and then
a parameter-free fast non-local means (FNLM) method is applied to eliminate the noise,
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to achieve the purpose of suppressing the fog component and noise in the dust image,
while preserving the details and enhancing the contrast. After that, adaptive contrast
enhancement and white balance are applied to the reconstructed image to improve the
visual effect and restore the real color of the dust-free image. Finally, a structure extraction
model based on the relative total variation is applied to more intuitively verify the effect of
the image dedusting and detail preservation.

The main contributions of this paper can be summarized as follows.

We discovered that the low-frequency component of dust-free images will be amplified
after adding dust.

We proposed a SC_MSRCR algorithm with frequency domain prior information, to
simultaneously remove dust and enhance details in the complex environment of a top-coal
caving face.

Our method performed well on real images of the top-coal caving face when compared
to state-of-the-art algorithms.

This paper is organized as follows. In Section 2, we review state-of-the-art research on
image defogging enhancement for underground coal mines and assess the advantages and
limitations of Retinex-based defogging work for the top-coal caving face. The proposed
method for joint dedusting and enhancement will be detailed in Section 3. The detailed
experimental results and analysis are presented in Section 4. Finally, Section 5 provides
conclusions and suggestions for future exploratory work.

2. Related Works

Image denoising, defogging, dedusting and enhancement technology make up an
important part of complex image recognition and analysis, especially for images of under-
ground coal mines. Hua and Jiang [23] proposed a denoising approach for underground
coal mines based on the CIELab color space. However, this method cannot effectively solve
the problem of smog-like weather at the top-coal caving face. Shang [24] utilized Gaussian
white noise to blur the coal mine image and restore the image by a K-fold cross-validation
BP neural network, but did not consider that the actual environment is much more complex
than Gaussian white noise. Yu et al. [25] verified that histogram equalization is a better
method with which to enhance a low-light image of an underground coal mine, compared
with direct contrast enhancement or the anti-sharpening mask method. But the result
was only for gray image enhancement. Wu et al. [1] combined dark primary color prior
information and CLAHE algorithm to enhance a foggy roadway image in a coal mine.
This algorithm improved the image contrast, but also increased the image noise. A coal
mining face image enhancement method based on the combination of bilateral filtering
and single-scale Retinex was proposed in 2017 [20]. This method could effectively enhance
the image and reduce the noise, but it could not effectively remove the foggy components,
resulting in serious loss of detail.

Liu et al. [26] found that haze is generally distributed in the low-frequency spectrum of
multiscale wavelet decomposition, and solved the image dehazing and denoising problem
by using the dark channel model. This method has a good effect on dehazing and denoising
for images with natural brightness. Unfortunately, the enhancement of visibility and con-
trast is not obvious for low-illumination images. Retinex [27] is an enhancement method
based on color constancy, among which MSRCR and related improved algorithms are
the frontier research in the field of weak-light enhancement [18,28,29]. Galdran et al. [22]
demonstrated the defogging characteristics of the Retinex enhancement method by means
of a formula in 2018. Li et al. [30] fused dark channel prior information and the Retinex
method to enhance the defogging of underwater sea cucumber images in the same year.
After that, Zhou et al. [2] and Zhang et al. [3] proposed a Retinex-based laplacian pyramid
method and an MSRCR multi-channel convolution method for image defogging, respec-
tively. Liu et al. [31] combined Retinex decomposition and dark channel prior information
for defogging enhancement of arial images. However, image dedusting is not a simple
defogging process. It is especially relevant in complex environments with low illumination,
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high noise and uneven smog-like weather, such as the top-coal caving face. So far, most of
the methods with prior information are based on physical models, while few are based on
image enhancement.

3. Joint Dedusting and Enhancement Method

In this section, we propose a joint dedusting and enhancement method for the top-coal
caving face in the wavelet domain. The overall framework and four core processes of the
proposed method are shown in Figure 2.
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Figure 2. Framework of joint dedusting and enhancement algorithm.

This mainly includes haze removal in the YIQ space by SC_MSRCR, image denoising
with detail preservation by combining multiscale convolution enhancement and FNLM
filtering, visual effect enhancement and real color restoration by adaptive contrast en-
hancement and white balance, and the verification of the dedusting effect by the structure
extraction model based on the relative total variation and other objective evaluations.

3.1. Image Analysis in Wavelet Domain

According to the characteristics of natural haze, most of the existing image defogging
methods are implemented in the spatial domain. It has been verified that natural haze
is usually distributed in lower-frequency components of images [26]. So, we analyzed
the spectra of dust images and dust-free images by Fourier transform. Representative
observations are shown in Figure 3. It is clear from the symmetrical spectrum that the
dust images always deliver more low-frequency spectra than dust-free images. That is to
say, the smog-like weather of the top-coal caving face also resides in the low-frequency
component, which can be utilized as the prior information for dust removal.

Two-dimensional wavelet transform is an effective tool with which to analyze the
frequency domain information of an image [32]. The original image is decomposed into
one foggy approximate component (¢ 1) and three noisy detail components (¥, Ly and
YPyp) by a Sym4 wavelet, which is defined as in Equation (1)

{ PLL(x, y) = ¢(x)o(y), PuL(x, ) = Y(x)$(y) (1)
Pa(xy) = ¢()e(y),  Pau(xy) = 9(x)y(y)

where ¢11, ¥y, Yy and Pyy denote the approximate component in a low frequency,
the horizontal detail component, the vertical detail component and the diagonal detail
component in a high frequency, respectively, x and y are the coordinate indexes of the
pixels in the image and ¢ and ¢ denote the scaling function and wavelet function of
one-dimensional wavelet decomposition, respectively.
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Figure 3. Spectrum comparison of dust image (below) and dust-free image (above).

At the output side, the enhanced images of the four subgraphs were reconstructed
with wavelet inverse transform.

3.2. Smog-Like Weather Removal in Approximate Component

As discussed in Section 3.1, since smog-like weather is generally distributed in a
low frequency, the popular MSRCR algorithm based on Retinex theory [27] is applied to
eliminate haze. Retinex based on the color constant theory represents the original image
S(x,y) as the product of an illumination image L(x,y) and reflection image R(x,y), as
shown in Equation (2)

S(x,y) = L(x,y) * R(x.y) )

where x and y are the coordinate indexes of the pixels in the image. The purpose
of the single-scale Retinex (SSR) is to estimate the illumination by Gaussian convolu-
tion, and then remove the illumination to obtain the reflection component as follows
(Equations (3) and (4)) [3]

log(Rn(x,y)) = 1og(Su(x,y)) —1og(Su(x,y) ® G(x,y)) 3)

G(x,y) exp(—x* —y*/207) 4)

where 7 is a channel of the image from the color space. From (3) and (4), we can derive the
general Equation (5) of multiscale Retinex (MSR) [33]

T 270

M
Rusr, (v,y) = Y, wm[log(Su(x,y)) —log(Lu(x,y) © Gu(x,y))] (5)

m=1

where M is the number of scales (M = 3 here, o = 125,250, 500), w;, is the weight corre-
sponding to the m!" scale and G, (x,y) is the Gaussian kernel function corresponding to
the m'" scale.

Considering the color recovery advantage of the MSRCR algorithm, the mean value
(Mean), standard deviation (Std) and weight parameters (W) are introduced to adjust the
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chromaticity based on the GIMP image enhancement process [34]. The calculation process
is shown in Equations (6)—(8)

Rutsrer, (X,y) = Cu(x,y)Rymsr, (¥, ) (6)
MIN = ME{IH’Z(RMSR”> -W- Std<RMSRn) (7)
MAX = Mean(RMSRn) +W- Std(RMSRn)
RMSRCRn (x,y) = Zn (RMSRn — MIN)/(MAX — MIN) . (255 — O)
_ 255-(Rpisr,, —Mean(Rysr,, ) +W-Std(Rusry, ) (8)
=L 2 W-SH(Rysr, )

where Cy, (x, y) is the color recovery factor and the value of W is set to three by experimenta-
tion. It is worth noting that the value range of pixels, i.e., the overflow judgment, is added
in Equation (9) for Equation (8).

0 RumsRrcRr, (x,y) <0
Rumsrer, (4, y) = ¢ Rumsrer, (x,y) 0 < Rysrer, (x,y) < 255 )
255 RMSRCR,, (x,y) > 255

Though the MSRCR algorithm has better enhancement performance, it introduces too
many adjustable parameters, which increases the complexity of the algorithm, and is not
conducive to application for industrial automation. Considering the lighting complexity
and enhanced effect, a single-channel MSRCR algorithm (SC_MSRCR) in the YIQ space
is proposed in this paper (1 = 1). Haze mainly affects the brightness information in the
image, so we first convert the original color image from RGB color space to the YIQ space,
and only remove haze in the Y channel that represents brightness information to get the
enhanced component (¢ *").

3.3. Noise Removal with Detail Preservation in Detail Components

The smog-like weather is in a low frequency, while noise and details are both in a high
frequency. To remove the noise with detail preservation, multiscale Gaussian convolution
detail enhancement the parameter-free FNLM filtering [35] are applied to successively
eliminate the noise. Representative observations are shown in Figure 4. It can clearly be
found that the detail information can be preserved better by means of multiscale Gaussian
convolution detail enhancement before denoising,.

Figure 4. Combined effect of multiscale convolution enhancement and fast FNLM denoising. (a) Orig-
inal image with noise and texture. (b) Only denoising. (c) Denoising before detail enhancement.
(d) Detail enhancement before denoising (ours).

First, three different Gaussian kernels are convoluted with the input image (YuL, YrH
and Py, respectively) to obtain three different scale fuzzy images using Equation (10)

Ypu' =g r YL, Ya =g r YL, PHL = 93 % PHL
Yru' = g1 * PLu, PLa® = g2 * PLH, Y’ = g3 * YL (10)
Yun' = g1 * PuE,  YHHS = g2 * YHH,  YHED = 83 * YHH
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where g1, g» and g3 are the Gaussian kernels with the standard deviations o; = 1.0, 05 = 2.0
and 03 = 3.0, respectively. Then, fine details (Y11, Y1, and PyH,), medium details (Ppr,,
Y11, and Pup,) and coarse details (Pur,, YrH, and P, ) are extracted by subtraction, as
depicted in Equation (11).

YHL, = YHL — YL, YHL, = YaL! — YaL?, YHL; = YaL? — Yal®
WLH, = Yra — YL’ YLH, = YL — YLus YLH, = YL’ — YLa’ (11)
Yy, = Yug — Yun', YHH, = YHH — Yun?, YHH; = Yun® — Yun’

After that, combined with Equation (11), the overall detail enhancement is expressed
as Equation (12).

YLt = (1 — Wy sign(Pur,)) * Yrr, + Wa * Prro + Wa * Pr,
L™ = (1 — Wy s sign(rn,)) * Pra, + Wa * Praa + Wa * L, (12)
Yun* = (1 — Wy xsign(¢umn, ) * Yuu, + Wa * Pauz + Wa * Pyp,

where Wy, W,, and W3 are fixed to 0.5, 0.25, and 0.25, respectively. Finally, improved
parameter-free FNLM filtering with superior denoising performance, as developed by
Froment [35], is applied to remove the noise. The method can be described as follows:

Yy ** = FastNLmeans (yyr*, ds, Ds, h)
Yru™* = FastNLmeans (Yry*, ds, Ds, h) (13)
Yun™* = FastNLmeans (Yun*, ds, Ds, h)

where ds, Ds, and h denote the neighborhood window radius, search window radius and
Gaussian function smoothing parameter, respectively. To balance the computation and
performance, they are set as 2, 5, and 10 in our experiment, respectively.

3.4. Visual Effect Enhancement and Color Restoration

The components obtained (¢r1.**, Y1**, Yra™* and Pp™*) in Sections 3.2 and 3.3 are
reconstructed by inverse wavelet transform. To improve the visual effect and eliminate the
influence of illumination on the color of the dedusted image, adaptive contrast enhance-
ment and white balance are introduced to correct the color casts caused by illumination.
This is defined as follows:

{ Gray =1/3%(R+G + B)

ky = Gray/R, kg Gray/G, ky = Gray/B (14)
C(R") = C(R) *ky, C(G") :C(G)*kg, C(B') = C(B) xky

where R, G and B are the gray means of the R, G and B channel in the image, respectively,
while C denotes the pixels in the image.

3.5. Image Acquisition and Evaluation

In our experiments, we collected the video datasets from 8105 working faces of the
Zhuxianzhuang Coal Mine, Huaibei Mining Group. To test the proposed method, 43 dust
images were randomly captured at a resolution of 1280 x 720 pixels from five coal mine
videos taken by five explosion-proof cameras (IPG-85HE20PY-S) and saved in JPG format.
These included five example images and 38 verification images captured of different scenes
or at different times for the same scene. These images were disturbed by different degrees
of smog weather, low illumination and serious noise. Representative images are shown in
Figure 5. Considering the operation speed, the image size was reset to 540 x 320 pixels in
the experiment. The proposed method was implemented on a PC Windows 10 platform
with an Intel(R) Core(TM) i7-6700HQ CPU@ 2.60 GHz processor and 16GB RAM, and the
coding language was MATLAB.
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(b) Images of the same scene at different times

Figure 5. Representative images in dataset. (a) Representative images of five different scenes. (b) Repre-
sentative images captured at different times of same scene.

From the different perspectives of the spatial domain and frequency domain, we ana-
lyzed subjective results such as the color contrast in the enhanced color images, spectrum
images and structural information in gray images, to determine whether the improved
image was more suitable for human vision analysis and processing. For gray images with
high levels of haze and complex textures, the overall structural features are the primary
data of human perception. So, the extracted structural images, based on relative total
variation [36], were used as example images to evaluate the quality of the dedusted gray
images. In addition, since there was no perfect dedusted image as a reference, objective
quality assessment was also necessary, though it was not always consistent with human
vision. Three well-known quantitative metrics—image information entropy (IE) [3], stan-
dard deviation (STD) [18] and average gradient (AG) [2]—were selected to evaluate the
dedusting performance, which was combined with subjective analysis. The calculations
are shown below.

IE reflects the average amount of information, which is described as:

255
Z p(i)log, p(i (15)

where i is the pixel value and p(7) represents the probability that the pixel value i appears in
the image. Theoretically, the larger the IE value, the richer the color information contained
in the image.

For an input image f(x,y), STD represents the overall contrast of the image, which is

described as:
N

Y L f(xy)
M‘ ?V‘ (16)
(flx,y) —n)

‘E

STD =

xlyl

where M,N and y represent the width, height and average intensity value of the input
image, respectively. Theoretically, the larger the STD value, the better the overall contrast
of the image.

AG reflects small changes in the details of the image, which are described as:

S5 1\/(f 1) ~F ) T ()= ) (17)
i=1

AG = —(M DIN-T) .

where f(x+1,y) and f(x,y + 1) are the differences of f(x,y) along the x and y directions,
respectively. Theoretically, the larger the AG, the more detail information is obtained in the
dedusted image.
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4. Experimental Results

We compared the proposed algorithm with ten state-of-the-art algorithms, including
SSR, MSR, MSRCR and SC_MSRCR methods related to this paper, the dedusting enhance-
ment methods for underground coal mines in [1,20,25] and the defogging methods based
on prior information in [4,9,11]. We chose the suggested parameters in the source codes
available of the respective authors’ websites to test the color and gray images.

4.1. Color Images

Typical dedusting performances are shown in Figures 6 and 7. As can be seen in every
green rectangle in Figure 6, our method makes the objects hidden in the dark clear enough
without overexposure, which confirms the advantages of our method for dust removal
and color recovery. Due to the limited compression of the picture size, the detail difference
is best compared after enlargement, such as to identify an object like a hoe. Although
the SSR and MSR algorithms were able to augment the image contrast and improve the
scene’s visibility, the color of the recovered scenes was often undersaturated (e.g., the
framed object in Figure 6b,c), and the scene information recovery was not significant in
the frequency domain (Figure 7b,c). Due to the influence of artificial illumination, the
MSRCR algorithm caused excessive global color recovery in the RGB channel (Figure 6d).
However, as Figure 6e shows, the SC_MSRCR algorithm can effectively overcome that
shortcoming. The above methods achieved a good dust removal effect in terms of vision,
but without considering noise suppression, meaning the overall image enhancement effect
in the frequency domain was not ideal.

Figure 6. Comparison of representative color images dedusting results. (a) Dust image. (b) Result
image by SSR. (c) Result image by MSR. (d) Result image by MSRCR. (e) Result image by SC_MSRCR
(proposed). (f) Wu et al.’s results [1]. (g) Si et al.’s results [20]. (h) Yu et al.’s results [25]. (i) He et al.’s
results [4]. (j) Berman et al.’s results [11]. (k) Zhu et al.’s results [9]. (1) Our results.
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Figure 7. Spectrum images corresponding to Figure 6. (a) Dust image. (b) Result image by SSR.
(c) Result image by MSR. (d) Result image by MSRCR. (e) Result image by SC_MSRCR (proposed).
(f) Wu et al.’s results [1]. (g) Si et al.’s results [20]. (h) Yu et al.’s results [25]. (i) He et al.’s results [4].
(j) Berman et al.’s results [11]. (k) Zhu et al.’s results [9]. (1) Our results.

By combining dark channel prior information and the CLAHE algorithm, Wu and
Zhang [1] enhanced the simulated environment of a foggy roadway in a coal mine. How-
ever, this method tended to underestimate the light and create halos (e.g., the framed hoe
in Figure 6f). Si et al. [20] combined SSR with bilateral filtering to eliminate the noise
and improve the edge information of an image of a coal mining face. Unfortunately, this
method could not remove the smog-like weather in the top-coal caving face (Figure 6g).
Yu et al. [25] proved that the CLAHE algorithm is an effective method for mine image
enhancement. Nevertheless, the dust removal results obtained by this method were not
visually convincing (e.g., the framed object in Figure 6h). Due to the lack of statistical prior
information pertaining to images of relevant scenes, these methods are difficult to apply to
image enhancement in a special environment, such as a top-coal caving face.

Recent image dehazing works based on prior information have achieved satisfactory
results, especially those with dark channel prior information [4]. This prior information
works very well, except in dark scenes where there is a clear lack of contrast, as seen in the
area framed in green in Figure 6i. The method of [11] assumes that each color cluster in the
clear outdoor natural images becomes a line in the RGB space, which produces redundant
noise in the mine image with unbalanced color (e.g., the area framed in Figure 6j). The color
attenuation prior information assumes that the depth of the scene is positively correlated
with the concentration of the haze [9]. However, the scene in image restoration is often
overexposed (e.g., the area framed in Figure 6k). The main reason for this is that this
assumption is not physically valid in the application for mine dust images.

Compared with the results of the ten algorithms, our proposed approach has a better
visual effect than these competing techniques. As displayed in Figure 6m, the workers, hoe
and background are clear, and the overall contrast of the image is moderately enhanced
while maintaining the appearance of the original color. Referring to image processing
in the frequency domain, the dark channel prior information algorithm yielded highly
comparative results with others (see Figure 7i). Nevertheless, high-frequency details were
lost by this method for the top-coal caving face. It is to be noted that the dust-free image
obtained by the proposed approach exhibited a more high-frequency spectrum and less
noise while retaining details (see Figure 71).

In terms of the data analysis of Table 1, the objective evaluation indexes of the eleven
algorithms obtained in this paper are all greater than that of the dust image. But the
overexposed image does not accord with the reality and human vision. As a whole, the
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proposed method is superior to other algorithms of image dedusting from the point of view
of objective metrics combined with subjective analysis. This indicates that this algorithm
has obvious advantages in terms of the details, color and contrast of the images.

Table 1. Objective results of dedusting images in Figure 6.

Method IE STD AG Method IE STD AG
@) 97458  30.0493 56163 () 125630 342773 52193
(b) 12.9568 521407  7.4134 (h) 127541 513485  5.7709
©) 129377 515041  7.3264 () 101574  31.0655  3.7548
(d) 12.8914 45585 7.3484 G) 121683 501933  7.2618
() 121539 389266  6.0602 (K) 127920  59.8192  7.9734
® 131725  49.462 6.1751 i) 133498 603704 85584

4.2. Gray Images

The dust removal effect of a color image can easily be identified by means of vision,
while most gray images of a top-coal caving face are difficult to compare through human
vision, such as in Figure 8d,1.

Figure 8. Comparison of representative gray images dedusting results. (a) Dust image. (b) Result
image by SSR. (c) Result image by MSR. (d) Result image by MSRCR. (e) Result image by SC_MSRCR
(proposed). (f) Wu et al.’s results [1]. (g) Si et al.’s results [20]. (h) Yu et al.’s results [25]. (i) He et al.’s
results [4]. (j) Berman et al.’s results [11]. (k) Zhu et al.’s results [9]. (1) Our results.

To evaluate the algorithm more intuitively through subjective analysis, extracted
structural images are shown in Figure 9. As we can see, the obtained structural images
have better visual features when the algorithm has better dedusting properties. The
characteristics of dust images mostly include bad contrast, a blurry structure and high
level of noise in Figures 8a and 9a. The structure of dedusting images obtained by different
dedusting algorithms will be improved to different degrees. The experiments showed that
compared with the other ten algorithms, our method possessed a better dedusting ability
and kept more details. As well as this, it had a greater ability to restrain noise and light
interference, as seen in the areas framed in green in Figure 91.

To ensure the uniform and fair evaluation of images, we also objectively analyzed
the experimental results of the methods related to this paper: dedusting enhancement
methods of underground coal mines, state-of-the-art defogging methods based on prior
information and our method. The three quantitative metrics of the dedusted images are
given in Table 2.
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Figure 9. Structural images corresponding to Figure 8. (a) Dust image. (b) Result image by SSR.
(c) Result image by MSR. (d) Result image by MSRCR. (e) Result image by SC_MSRCR (proposed).
(f) Wu et al.’s results [1]. (g) Si et al.’s results [20]. (h) Yu et al.’s results [25]. (i) He et al.’s results [4].
(j) Berman et al.’s results [11]. (k) Zhu et al.’s results [9]. (1) Our results.

Table 2. Objective results of dedusting images in Figure 8.

Method IE STD AG Method IE STD AG
(@) 7.1071 36.8321 1.2237 (g) 10.0141 47.1495 1.5816
(b) 9.2069 44.4457 1.9141 (h) 7.8492 64.775 1.8164
(c) 7.4423 45.0672 1.8816 (i) 6.1019 29.6587 1.3047
(d) 7.4085 48.2055 1.6940 G) 7.5408 47.9058 1.7299
(e) 7.3660 44.0465 1.7667 (k) 7.5334 55.0708 2.0496
(3] 7.2324 47.8882 2.1632 (m) 8.8026 60.7208 2.6943

As shown in Table 2, the three quantitative metrics were higher for all of the methods
than for the original images. Although the maximum IE of an image was obtained by
Si et al. [20], this method had a poor dedusting effect (see Figure 9g). The direct reason
for this problem is that IE is determined by the richness of the colors, which is beneficial
to the description of the gray values of a gray image with haze residue. The image STD
represents the dispersion of the pixel gray value relative to the mean value. The method of
Yu et al. [25] had higher standard deviation, but was poor in terms of the defogging effect,
because the local exposure of the image enlarged the pixel mean and standard deviation
(see Figure 9h), which did not accord with the reality and human vision. In addition, the
standard deviation of our method was better than that of other state-of-the-art methods.
AG reflects the change of detail contrast and texture in an image; Table 2 and Figure 91
show that the proposed method was superior when compared to the other methods in
terms of the aspects of dust removal and detail preservation.

4.3. Quantitative Comparison

As shown in Figure 10, images of different scenes were tested to further verify the
robustness of the proposed algorithm; they were processed by the five methods of MSRCR,
Berman et al. [11], Zhu et al. [9], Wu et al. [1] and ours. The IE, STD and AG of the images
processed by the different methods are plotted in Figure 11.

In Figure 10, the brightness and sharpness of the images processed by MSRCR and
Wu et al. [1] can be seen to have improved to some extent, but the colors of the recovered
scenes were often undersaturated (e.g., the framed object in Figure 10). In addition, the
defogging effect of the method proposed by Wu et al. [1] was not significant because of
the equalization effect of the CLAHE algorithm in light-gathering scenes (e.g., Figure 10A).
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Note that the nonlocal priori algorithm proposed by Berman et al. achieved convincing
results, but easily led to serious exposure in some local regions (e.g., top of coal pile).

S50 b)) @ " ©) (0]

Figure 10. Comparison of three typical images of dedusting results. (A)—(C) are three typical images
in Figure 5. (a) Dust image. (b) Result image by MSRCR. (c) Berman et al.’s results. (d) Zhu et al.’s
results. (e) Wu et al.’s results. (f) Ours.
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Figure 11. Comparison of IE, STD and AG of the images in Figure 10. (A)—(C) are three typical
images in Figure 5.

The algorithm proposed by Zhu et al. [9] did not completely remove dust (e.g., the
framed object in Figure 10d), mainly due to the difficulty of training samples in parameter
learning. Combined with Figure 11, it can be seen that the proposed method produced
quite visually compelling results. The objective evaluation index proved that the proposed
algorithm had obvious advantages in terms of the image detail, color and contrast of
the images.

To clearly show the outperformance and stability of the proposed method, and to
obtain parameter statistics, 38 verification images were captured from surveillance videos
of the Zhuxianzhuang Coal Mine, Huaibei Mining Group. As shown in Figure 5, these
images suffered from interference of smog-like weather, low illumination and serious noise,
to varying extents, and they were also processed by the five methods. The IE, STD and
AG values of the images processed by the different methods are plotted in Figures 12-14,
respectively.

As can be seen in Figures 12-14, the mean values of IE (11.09), STD (68.73) and AG
(7.39), based on the proposed method, were larger than those of MSRCR (10.18, 53.31, 6.22),
Berman et al. (10.12, 62.29, 5.92), Zhu et al. (9.04, 59.02, 5.24) and Wu et al. (10.36, 63.9,
5.93). Therefore, as shown in Figures 614, Tables 1 and 2, the proposed approach can not
only significantly improve the visibility of dust scenes at the top-coal caving face, but also
suppress the noise while retaining greater detail. Experimental results and comparisons
with other relative work show the superiority of the proposed algorithm.
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Figure 12. Statistical analysis in terms of IE.
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Since the proposed approach introduces wavelet decomposition and nonlocal mean
filtering to reduce the impacts of dust and noise, the computational load is much higher
than for other methods. Fortunately, the average processing time obtained by the proposed
approach (1.94 s) for processing 540 x 320 images was less those of Berman et al. (5.09 s) and
Wu et al. (3.55 s). These two approaches chose to estimate the transmission maps through
the whole image region, which leads to a long running time. Although the operation
time of the method proposed by Zhu et al. (1.73 s) is relatively short, the dust removal
effect is the worst. On the whole, our method outperforms other classical algorithms
in subjective analysis and objective analysis, and the processing time is acceptable. The
experimental results further demonstrate the effectiveness of our method when applied to
image dedusting for the top-coal caving face.

5. Conclusions

In this paper, we proposed a novel single-channel Retinex algorithm with frequency
domain prior information for image dedusting at the top-coal caving face. The method
is based on the assumption that the smog-like weather is typically distributed in the low-
frequency symmetric spectrum, while noise and image details are distributed in the high-
frequency symmetric spectrum. Accordingly, a single-channel MSRCR algorithm in the YIQ
space is presented to restore the foggy approximate component in the wavelet domain, and
multiscale convolution enhancement and the FNLM filter are used to minimize the noise
of detail components while retaining sufficient detail. Consequently, experiments on the
proposed algorithm verified that the visibility of the degraded scenes could be significantly
increased with satisfactory detail information and realistic color appearance. As an effective
image preprocessing method, the proposed algorithm is suitable to be applied to complex
coal mining face scenes, as we determined by comparing it with state-of-the-art image
dedusting and defogging algorithms in both subjective and objective analysis. However,
our method has two shortcomings. Firstly, most of the parameters are set according to the
experiment, meaning they can be applied to specific scenes but cannot adaptively adjust
to obtain a satisfactory dedusting effect for more scenes. Secondly, the introduction of
wavelet decomposition and nonlocal mean filtering increase the computational complexity
of the algorithm, which is time-consuming in practical application. The main aim of future
research should thus be to improve the operating efficiency of the algorithm, to maximize
its success in industrial applications.
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