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The dust removal technology of weld image is helpful to promote the 

development of weld target detection and tracking control. Aiming at the problem 

that the image restoration algorithm has halo phenomenon in depth discontinuity 

and easy to cause color distortion, this paper proposes a single image restoration 

algorithm based on fusion of bright channel and weighted guided dark channel for 

dedusting of weld image. Firstly, the bright channel hypothesis is derived according 

to dark channel priori (DCP), and the bright channel obtained by the adaptive 

method will fuse with the dark channel image to construct the fusion channel. Then, 

the weighted guided filter is used to optimize the rough transmittance. Finally, the 

restored image of the weld is recovered according to the atmospheric scattering 
model and the restored atmospheric light. Simulation experiments and image quality 

analysis show that the proposed algorithm can recover the details of the weld image 

and suppress the halo phenomenon. The image segmentation networks are used to 

further verify that our algorithm can improve the accuracy and integrity of weld 

segmentation. 

Keywords: Image restoration, DCP, Bright channel hypothesis, Weighted guided 

filtering, Image segmentation 

1. Introduction 

With the rapid advance of intelligent manufacturing industry, the complex 

welding seam polishing automation requires the accuracy and efficiency of 

identification. In the welding seam grinding and polishing workshop, the image 

quality obtained by the indoor welding seam image acquisition system is affected 

to different degrees by a large amount of dust and Mars interference [1]. 

Therefore, it is of great practical significance to dust removal of weld image 

collected in complex environment, which is helpful to promote the development 

of weld target detection and tracking control. 
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Currently, the main weld image clearer processing is divided into two 

categories. One of these is to improve the image enhancement method by 

improving the image contrast, although it significantly improves the details of the 

image, but cannot completely remove the dust factor in the weld image, so that the 

recovered image cannot correctly show the scene information and can easily 

distort the image. The other is the image restoration method based on the physical 

model, which can directly show the degradation reason of the degraded image and 

reversely show the image before the degraded image.  

Considering that the image acquisition system cannot accurately obtain the 

contour information of the image, the atmospheric scattering model shows that the 

dust concentration is closely related to the scene contrast, thus, single image 

restoration has made great progress on the basis of establishing many priors and 

assumptions. Zhao [2] enhanced the local brightness by using the improved multi-

scale Retinex, which improves the sharpness of the image, but the restored image 

is oversaturated in color and halo phenomenon appeared at the abrupt change of 

the depth of field. Fattal [3] verified the assumption that the transmittance of light 

propagation is not related to the local shadow on the surface of the object and 

used the independent component analysis to realize the image restoration. 

However, this algorithm is time-consuming and cannot be used in the gray image, 

so it is not ideal for the image without enough color information for the 

component analysis. Based on the analysis of a large number of outdoor degraded 

images, the CVPR best paper in 2009 [4] found and proposed dark channel priori 

(DCP), in which a certain color channel of the pixel in the non-bright region of the 

image has a lower pixel value. The author estimated the concentration of air 

mediators by using DCP, and achieved successfully the image restoration with the 

help of the atmospheric scattering model. In view of the obvious halo 

phenomenon and the serious block effect at the abrupt change of brightness, the 

author [5] then proposed to optimize the transmittance through guided filtering, 

which achieved better results and provided an optimization idea for future 

generations. For example, the literature [6] adopted bilateral filtering method to 

smooth the transmittance map and improved the processing speed. Sun [7] 

proposed a local atmospheric light estimation method, which improve the problem 

of insufficient global atmospheric light value selection in DCP. In addition, the 

research shows that the deep neural network can better extract fog-related features 

and carry out transmittance estimation. REN [8] trains the image feature 

information with the multi-stage neural network and improves the image quality 

through bilateral linear correction, but this method is not ideal for the restoration 

effect of a single image. 

In summary, the above methods provide important ideas for the dust 

removal treatment of weld image. In this paper, an improved algorithm based on 

the fusion of light channel and weighted guided dark channel is proposed. The 
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fusion channel is constructed by the linear fusion of the dark channel and bright 

channel images obtained by the adaptive method. Then, the weighted guided filter 

is used to calculate the local pixel variance and refine the transmittance which will 

be substituted into the atmospheric scattering model to recover the weld image. 

Finally, the restored image is transmitted to the segmentation network, which 

further verifies that the algorithm can improve the precision and integrity of weld 

segmentation 

2. Dark channel priori theory 

The atmospheric scattering model proposed by McCamey [9], as an image 

optical model considering weather and light conditions, has been widely used in 

computer vision and graphics. According to the fading model and the ambient 

light model, the atmospheric scattering model of image degradation with fog can 

be simplified as: 

( ) ( ) ( ) (1 ( ))I x J x t x A t x                                          (1) 

where ( )I x is observed intensity, ( )J x is restored image, A is the global 

atmospheric light, and ( )t x  is the medium transmission describing the portion of 

the light that is not scattered and reaches the camera. The first term ( ) ( )J x t x  on 

the right hand side of Equation (1) is called direct attenuation, and the second 

term (1 ( ))A t x is called airlight absorption. In addition, as a constant, ( )t x  is 

negatively correlated with the concentration of air medium. When the atmosphere 

is homogenous, it can be expressed as: 
( )( ) d xt x e                                                     (2) 

where   is the scattering coefficient of the atmosphere. It indicates that the scene 

radiance is attenuated exponentially with the scene depth ( )d x . This formula 

describes that the transmittance decreases exponentially with the increase of depth 

of field distance. 

The goal of image restoration is to recover ( )J x , A , and ( )t x  from ( )I x . 

Because of the depth of field information cannot be accurately obtained, and the 

distribution of air medium is not uniform, it is very difficult to obtain the medium 

transmission rate directly through the Equation (2). 

The DCP is based on the following observation on haze-free outdoor 

images: in most of the non-sky patches, at least one-color channel has very low 

intensity at some pixels. Formally, the dark channel ( )

dark

xJ can be expressed as: 

( )
( ) { , , }

min ( min ( ( ))) 0dark

x c
y x c r g b

J J y
 

                                       (3) 

where ( )cJ x represents a certain color channel of ( )J x , c is any of the three 

channels of RGB. ( )x  is a local patch centered at x .  
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Combined with Equation (3) and Equation (1), the transmittance can be 

obtained as follows: 

( )
( ) 1

( )

I x
t x

A x
                                                  (4) 

where   is an adjustment factor that controls the degree of image restoration. To 

retain a certain degree of authenticity, its value is 0.95. 

After the estimation of A  and ( )t x , the expression of the restored image 

can be obtained: 

0

( ) ( )
( )

max( ( ), )

I x A x
J x A

t x t


                                            (5) 

where 0t  is used to keep the denominator from going to zero. 

3. Our algorithm 

The pixel value of the dark channel of the image tends to a constant in the 

local area by using the local minimum filter. This means that when a pixel is in 

the edge or bright area and the phase velocity point is high, the dark channel of 

the point will be replaced by the minimum value, resulting in the dark channel 

pixel value of the point is significantly less than the actual value, therefore, [4] 

cannot maintain the edge characteristics of the object. In this paper, the welding 

seam is taken as the object (its air medium is often referred to as iron dust). In 

view of the fact that dark prior is prone to color deviation and halo phenomenon 

on the surface of the welding seam with strong reflection, a dust-removing 

algorithm of welding seam image combining bright channel and weighted 

guidance dark channel is proposed. The method flow is shown in Fig. 1. 

 
Fig.1 Flowchart of algorithm 

3.1 Bright channel hypothesis 

According to the definition of DCP, the bright channel hypothesis is 

assumed as follows: in most areas with large air media, at least one color-channel 
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has very high intensity at some pixels. Similarly, the bright channel ( )

dark

xJ can be 

expressed as: 

( )
( ) { , , }

max ( max ( ( ))) 1bright

x c
y x c r g b

J J y
 

                                       (6) 

In order to achieve better effect of bright channel reconstruction, ( )x  generally 

satisfies the principle of taking large neighborhood for nearby objects and small 

neighborhood for distant objects. Therefore, an adaptive method has chosen to 

normalize Equation (2), from which the size matrix of each field of the bright 

channel is calculated as follows: 

  '

' 1 1
( , )

( , ) ( )
ln(1 )

( )

bright

bright

x y
d x y A x

A x




  



                              (7) 

    ' '( , ) ( ( , ))x y normalize x y C                                    (8) 

where 
'

( )brightA x  is the adaptive atmospheric light. '( , )x y is the unnormalized 

inverse distance matrix. '  is scale parameter and C is minimum window. 

3.2 Estimate global atmospheric light 

By introducing bright channel and dark channel regulators respectively, 

the final global atmospheric light is obtained as follows: 

  
'

( ) ( ) ( )bright darkA x A x A x                                        (9) 

when setting the weight, the atmospheric light value obtained by following the 

bright channel should have a larger weight, while the atmospheric light value 

obtained by the dark channel should have a smaller weight and meet the 

conditions 1   . The fusion channel after synthesis is shown in Fig.2. 

 
Fig.2 Fusion channel synthesis of weld image 
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3.3 Smooth transmittance 

It can be seen from Equation (2), in a smaller local area, pixels in the same 

depth of field area should have similar transmittance. The weighted bootstrap 

filter is a local linear image filter which connects the bootstrap image with the 

output image. It not only has the characteristics of smoothness and edge retention, 

but also can adjust the parameters adaptively according to the window contents. 

Assuming that I  is the bootstrap image and q  is the output image, the filtering 

linear transformation model is as follows: 

  ,i k i k kq a I b i                                               (10) 

where k  is the domain centered at pixel k , ka and kb are some linear coefficients 

assumed to be constant in k . This local linear model ensures that q has an edge 

only if I  has an edge, because q a I   . 

According to the variance of k , edge weights are defined as follows: 

       
2

2
1

( )1
( )

( )

N
I

I

i I

k
W k

N i

 

 





                                        (11) 

where 2 ( )I   represents the variance in k  within I , N is the total number of 

pixels of the bootstrap image. Specifically, we minimize the following cost 

function in the window: 

   
2 2

1

( , ) [( ) ]
( )

k

k k k i k i k

i

E a b a I b p a
W k





                             (12) 

Here  is not only a regularization parameter preventing ka  from being too large, 

but an important parameter to adjust the filter filtering effect. Apparently, the 

greater the field variance of pixel k , the greater the corresponding edge weight 

( )IW k and the smaller the normalization factor. Therefore, weighted guided 

filtering can better preserve image edges. 

In terms of the principle of least squares, transformation of Equation (12) 

is as follows: 

          2

1

1

( )

k
i i k ki

k

k

k k kk

I p p

a

W k

b p a
















 
 



 



                                     (13) 

Here, k and 2

k are the mean and variable of pixels in k  respectively,  is the 

number of pixels in k , and kp is the mean of p in k .  
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After computing 
ka  for all patches 

k  in the image, the filter output could 

be computed by: 

            i i i iq a I b                                              (14) 

where ia , ib  are the mean of 
ia and 

ib  in 
k , respectively. The weighted boot 

filter is different from the traditional boot filter, which combines the mean value 

and variance of the neighborhood window as the estimation value of the local 

window, and can adjust the parameters adaptively, so as to effectively retain the 

edge details of the image. As shown in Fig.3, our method has a better recovery 

effect, in which fusion channels supplement the local contrast and weighted 

guided filtering can better retain the contour information of the weld. 

 
Fig.3 Transmission optimization results 

4. Experiment results and analyses 

In order to verify the image restoration effect, the algorithm in this paper 

was implemented on MATLAB, and the dust removal effect of the weld image 

has been compared and analyzed from subjective evaluation and objective 

evaluation. Finally, the image segmentation model was built using the clear weld 

image restored by the algorithm in this paper and the weld image containing dust 

as the training set, which was used to further analyze the influence of the 

algorithm on weld image segmentation. 

4.1 Subjective evaluation 

The subjective analysis can reflect the recovery effect most intuitively. In 

this paper, the current classical image restoration algorithm is selected for 

comparison. Fig. 4 shows the dust removal effect of welding seams of different 
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algorithms. Fig. 4(a) is the original weld image. Fig. 4(b) is [2] the multi-scale 

Retinex based on image enhancement, it causes severe color misalignment and 

local contrast reduction, resulting in colors that do not look natural. Fig. 4(c) 

shows the dark channel prior algorithm of [5]. It basically eliminates the dust 

factor, but the image is obviously dark and the weld contour is not clear. In 

particular, Image 4 exists partial halo still. Fig. 4(d) is an image edge preserving 

method combining bilateral filtering with dark channel prior of [10]. Although the 

dust removal effect of this method is not very ideal, the brightness is moderate 

and the weld contour is clearly visible. Fig. 4(e) shows the recovery effect of our 

algorithm of which overall recovery effect is better than that the others. The bright 

channel hypothesis is introduced to compensate the brightness and contrast 

effectively, and to suppress the phenomenon of color bias and color distortion 

effectively. In addition, although the outline of the weld is very clear, there is still 

a partial halo in the highlighted area. 

 
Fig.4 Contrast of weld image restoration effect 

4.2 Objective evaluation 

In order to further verify the effectiveness of the algorithm in this paper, 

the unreferenced image quality evaluation method for image enhancement effect 

evaluation was adopted [11], and structural similarity (SSIM), image entropy, 

mean gradient and mean pixel value has been selected as evaluation indexes. 

Compared with other algorithms, the objective evaluation analysis of the 

four graphs from Fig.4 processed by these algorithms is shown in the Fig.5. 

Obviously, our method has achieved a good performance that the score of 
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similarity with the original figure is above 0.85 from Fig. 5(a). It can be seen from 

Fig. 5(b) that the average information amount of the above methods is not much 

different, indicating that weighted guided filtering can also effectively refine the 

transmittance and solve the block effect to some extent. Fig. 5(c) shows that our 

method and [2] are obviously superior to other methods in the effect of weld edge 

transition. In addition, our method uses bright channel to compensate the 

brightness loss, which greatly improves the contrast and brightness compared with 

other methods. Therefore, it can be seen in Fig. 5(d) that the mean pixel value 

performs better.  

 
Fig.5 Objective evaluation 

4.3 Image segmentation 

In this experiment, PyTorch1.5 was used as the deep learning framework 

to build the development environment, and two classical segmentation networks 

were selected for the experiment. Among them, Mask R-CNN [12] was realized 

with the help of MMDetection2.0 [13], an open source object detection toolbox 

developed by Multimedia Laboratory, CUHK. Another one is the segmentation 

network YOLACT++ [14] with higher speed and lower accuracy. 

The original image data set of weld containing dust and the image data set 

of weld restored by the algorithm were expanded to 320 by random scaling and 

random rotation. During the training, Resnet pre-training model was used to 
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initialize parameters, the epochs were set the same training cycle in GPU 

acceleration mode. The segmentation model after consistent tuning was used to 

detect multiple groups of images, and the detection results are shown in Fig. 6 and 

Fig. 7. 

 

Fig.6 Experimental results of Mask R-CNN segmented network 

 

Fig.7 Experimental results of Yolact++ segmented network 

Obviously, it can be seen from Fig. 6 that the model generated without 

image restoration has a relatively low accuracy rate and cannot be completely 

segmented, especially the serious loss of information about the edge of some 

welding seams. On the contrary, the weld image processed by the image 

restoration algorithm in this paper can effectively improve the precision of the 

segmentation model, and the average accuracy can reach more than 0.9, and the 

weld can be segmented completely. In addition, it can be seen from Fig. 7 that in 

the network with low relative accuracy, there is no significant difference in the 

segmentation accuracy between the two. However, after processing with our 

method, the integrity of weld segmentation in Image1 is slightly improved. 
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5. Conclusions 

Aiming at the problem that the transmittance estimation of DCP is not 

accurate at the sudden change of depth of field and the contrast drops 

significantly, this paper proposed an image restoration algorithm based on 

combining the bright channel and dark channel for dedusting weld image, and the 

weighted guided filter is used to obtain a more accurate and delicate transmittance 

map. Experimental results show that the image reconstructed by our method has 

higher color fidelity, better contrast, more details, and can improve the integrity of 

weld segmentation and the precision of the segmentation model in the practical 

application of image segmentation. In addition, the follow-up work can improve 

the accuracy of transmittance estimation and alleviate the problem of color 

supersaturation by proposing a new adaptive fusion method for high-quality 

fusion channels. 
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