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Abstract: To address the issue of low detection accuracy caused by low contrast in color Mura defects,
this paper proposes a color Mura defect detection method based on channel contrast sensitivity
function (CSF) filtering. The RGB image of the captured liquid crystal display (LCD) display is
converted to the Lab color space, and the Weber contrast feature maps of the Lab channel images
are calculated. Frequency domain filtering is performed using the CSF to obtain visually sensitive
Lab feature maps. Color Mura defect detection is achieved by employing adaptive segmentation
thresholds based on the fused feature maps of the L channel and ab channels. The color Mura
evaluation criterion is utilized to quantitatively assess the defect detection results. Experimental
results demonstrate that the proposed method achieves an accuracy rate of 87% in color Mura defect
detection, outperforming existing mainstream detection methods.

Keywords: color Mura; defect detection; CSF; Lab color space; Lab-SEMI

1. Introduction

Empowered by the 5G information era and continuous breakthroughs in artificial
intelligence technology, smartphones have become the most popular consumer electronic
product worldwide, serving as the most convenient terminal device. The emergence of new
generation flexible and foldable displays, as well as VR and other smart wearable devices,
presents new challenges and demands for display technology, which demands technological
upgrades in the production of existing displays, using machine vision technology to
improve production efficiency and reduce manufacturing costs [1]. In industrial production,
automated optical inspection (AOI) equipment is used for display defect detection, where
Mura defects exhibit low contrast and don’t have a fixed shape, making it an urgent
technological challenge that needs to be addressed [2]. With the widespread use of an LCD
display, the demand for Mura defect detection has changed from brightness Mura to color
and brightness Mura defect detection.

The representation of color information surpasses the range of brightness information
by a significant margin. Consequently, implementing color Mura defect detection using
AOI technology presents two key challenges. Firstly, these defects occur sporadically
during production, resulting in difficulties in acquiring a substantial volume of defect data
and constructing a comprehensive color Mura defect dataset. Secondly, it is difficult to
separate the defect features from the gray background level due to the close similarity
between the color Mura defect regions and the background.

In the field of machine vision-based defect detection, extensive research has been con-
ducted on Mura defect detection. The methods for detecting Mura defects can be broadly
categorized into two main approaches: background reconstruction-based methods [3–7]
and deep learning techniques [8–13]. Methods based on image background reconstruction
are more common. This approach reconstructs the background features of the image and
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achieves defect detection by separating the background from the defect in the defect image.
Currently, there are three main types of background reconstruction methods. The first is
frequency domain-based background reconstruction methods, such as those based on dis-
crete cosine transform (DCT) [14]. The second is matrix decomposition-based background
reconstruction methods, such as those based on singular value decomposition [15] and
PCA [16]. The third is fitting-based background reconstruction methods, such as those
based on polynomial fitting [3]. Due to the similarity between Mura defect features and the
background and noise, recent research has focused on the challenge of separating defect
features from noise after differencing the reconstructed background from the original image.
Therefore, segmentation methods need improving. Among these, segmentation methods
based on level sets [3,17] have been proposed for accurate defect feature segmentation.

Recently, detection methods based on deep learning have also been gradually de-
veloped. For example, Li et al. [8] proposed a mobile screen defect detection model that
combines preprocessing operations with U-Net-Faster R-CNN. This model utilizes multi-
level feature enhancement modules and clustering algorithms for screen defect detection.
Wang et al. [9] proposed a defect detection method based on attention and dual-head
mechanisms, using deformable convolution to learn offset in the convolutional attention
module, enabling the detection of irregular and small defects. Chen et al. [10] proposed
a feature extraction network that combines a residual network with an efficient channel
attention mechanism to achieve efficient defect segmentation. Mao et al. [11] proposed
an attention relation network with feature extraction and feature measurement modules,
applying attention mechanisms to metric learning to directly measure the distance between
features for defect detection. Chang et al. [12] proposed a convolutional neural network-
based multi-classification model for micro defects in TFT-LCD, enabling the classification
of defective pixels on the display panel. Chen et al. [13] improved YOLOv4 [18] by adding
spatial pyramid pooling modules and squeeze-and-excitation modules, increasing the
network’s receptive field and improving defect detection accuracy. Lin et al. [19] proposed
using a deep channel attention classification network as a feature extractor, combined with
the adversarial training algorithm of convolutional neural networks, to achieve Mura defect
detection under a few-shot scenario. Defect detection methods for displays based on deep
learning need to overcome the challenge of limited samples, as a small number of samples
can lead to overfitting and hinder practical applications.

This article focuses on the analysis of multi-channel features for color Mura defects
in displays, proposing a new method for color Mura defect detection that combines color
space separation and filtering based on the contrast sensitivity function (CSF) of the human
eye. This method aims to improve the accuracy of detecting color Mura defects with low
contrast. The main contributions of this article are as follows:

(1) A new color Mura defect detection method combining color space separation and
human eye CSF filtering is proposed, which can effectively improve the accuracy of
color Mura defect detection;

(2) The color Mura defects are separated from the background by color space channel
separation. The human eye CSF filters the color space spectrum to suppress the
influence of noise on Mura defects;

(3) The color defect detection evaluation criteria are established, and the quantitative
evaluation method of color Mura defect detection is provided.

The organization of this article is as follows: Section 2 presents the related work;
Section 3 describes the proposed color Mura defect detection method based on channel
contrast sensitivity function filtering; Section 4 discusses the experimental results; Section 5
concludes the content of this paper.

2. Related Works

In recent years, TFT-LCD display defect detection technology has rapidly developed,
focusing on Mura defect detection methods. Ngo et al. [4] pointed out that the effectiveness
of background reconstruction methods is correlated with the defect area. For small defect
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areas such as point defects, the background reconstruction method based on polynomial
fitting performs better. However, for larger defect areas such as non-uniform block defects,
the background reconstruction method based on discrete cosine transform is more effective.
To accommodate the differences in defect morphology, they optimized the algorithm by
combining and parallel implementing both methods. Park et al. [20] improved the back-
ground reconstruction method based on discrete cosine transform to achieve more accurate
defect detection results. They applied discrete wavelet transform to the filtered background
image and used a region-growing method to generate the defect image. Finally, the inverse
transform was performed to obtain the detected results of the target defects. Chen et al. [21]
proposed the application of discrete cosine transform to locate the background and recon-
struct a defect-free background for sample images. They also utilized a low-pass filtering
method to remove unnecessary noise from the background.

At present, there are few studies on color Mura defect detection. Takagi et al. [22]
applied CSF filtering in the XYZ color space to color Mura defects and used subjective
evaluation metrics for defect grading. However, their method did not normalize the
CSF filtering function, rendering the final evaluation metrics unusable. Lee et al. [23]
proposed a background reconstruction method in the XYZ to Lab color space for Mura
defect detection. However, their method utilized absolute just noticeable difference (JND)
for defect segmentation, resulting in relatively low defect detection accuracy. The method
proposed by [24], which utilizes JND evaluation, mainly employs the SSO (similarity-based
saliency optimization) approach for JND computation. However, such methods require a
stable reference image, which leads to unstable detection accuracy.

3. Methodology
3.1. Algorithm Architecture

As shown in Figure 1, this paper proposes a color Mura defect detection method based
on channel CSF filtering.
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Figure 1. Block diagram of color Mura defect detection algorithm.

First, the input image is converted to the Lab color space to obtain the luminance
channel, the red–green channel, and the blue–yellow channel. Weber contrast is calculated
for the L, a, and b channels to obtain contrast maps. The L channel undergoes luminance
CSF filtering to obtain the luminance JND map, which is then segmented to obtain the
luminance Mura defect feature map. The contrast maps of the a and b channels are filtered
using color CSF, resulting in color JND maps. These maps are fused to obtain the color
Mura defect feature map. An adaptive thresholding method is applied to obtain the color
Mura defect detection result. Finally, the luminance Mura and color Mura segmentation
results are combined using logical OR operation. The Lab-SEMI method calculates the
Mura defect level, obtaining the final Mura detection result.

3.2. Color Mura Defect Channel Feature Separation

The color Mura image in RGB space is analyzed as shown in Figure 2.
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Figure 2. Color Mura defect image in RGB space. (a) The original image; (b) The R channel image;
(c) The G channel image; (d) The B channel image.

Conventional Mura detection methods often convert RGB images to grayscale for
processing. As shown in Figure 2, the single-channel images of Mura defects don’t preserve
their characteristics in the color image. Moreover, when the color image is separated into
single-channel images, the human eye can no longer perceive the presence of Mura defects.
Therefore, directly converting RGB images to single-channel or grayscale images would
result in a loss of Mura defect features, making it more difficult to separate the background
from the defect.

Therefore, this paper applies the Lab color space to separate the color and brightness
features. The RGB to lab conversion formulas are shown in Equations (1)–(5).

X = (0.412× R + 0.357× G + 0.180× B)/(255× 0.950)

Y = (0.212× R + 0.715× G + 0.072× B)/255

Z = (0.019× R + 0.119× G + 0.950× B)/(255× 1.088)

, (1)


L = 116 f (X)
a = 500( f (X)− f (Y))
b = 200( f (Y)− f (Z))

, (2)

f (X) =

{
X

1
3 X > 0.009

7.787X + 16
116 X 6 0.009

, (3)

f (Y) =

{
Y

1
3 Y > 0.009

7.787Y + 16
116 Y 6 0.009

, (4)

f (Z) =

{
Z

1
3 Z > 0.009

7.787Z + 16
116 Z 6 0.009

, (5)

where L is the luminance channel, a is the red–green color channel and b is the blue–yellow
color channel, and the result is shown in Figure 3.

As shown in Figure 3, Mura defects are separated into luminance features and color
features, where it can be observed that Mura defects can be classified into luminance Mura
and color Mura. When detecting color Mura, image processing without channel separation
can’t represent Mura defect features effectively under grayscale images.
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Figure 3. Color Mura defect images in Lab space. (a) is the original image; (b) is the L channel image,
(c) is the channel image; (d) is the b channel image.

3.3. Contrast Sensitive Function Filtering

Constructing an accurate contrast sensitivity function is highly complex, involving
various factors such as orientation, luminance, image size, and viewing distance. Therefore,
based on the specific requirements of practical applications, this paper focuses on modeling
contrast sensitivity functions for specific sensitivities. The main focus is on the luminance
and color characteristics of the contrast sensitivity function.

Weber contrast indicates that the dynamic range of stimuli a person can perceive under
the same stimulus is proportional to the standard stimulus intensity [24]. Weber contrast is
defined in Equation (6).

Cw(x, y) =
L(x, y)− Lb(x, y)

Lb(x, y)
, (6)

where L(x, y) is the brightness of the image, Lb(x, y) is the background brightness of the
image, and Cw(x, y) is the contrast of the image.

To effectively describe the contrast features of the image, Weber contrast is used to
calculate the luminance contrast feature map and the color contrast feature map separately.
The difficulty in detecting Mura defects is that the results are consistent with human
perception. The introduction of the SSO method has provided a way to quantify Mura
defects based on human visual perception. Therefore, in this paper, JND is also used
as a key factor in Mura defect detection. The computation of JND mainly relies on the
CSF. Studies have shown that the luminance CSF can be approximated as a band-pass
filter, while the color CSF is divided into two channels, red/green and blue/yellow, and
each is processed separately. The color CSF can be approximated as a low-pass filter.
In this paper, the luminance CSF and color CSF parameters proposed in the ISO15739
standard [25] are used to filter the contrast maps, achieving background noise suppression
and contrast enhancement. The formulae and parameters for the luminance and color of
the CSF function are shown in Equations (7)–(9).

cs flum( f ) =
(
46 + 75 · f 0.9) · e−0.2 f

46
, (7)

cs fa( f ) =
109.1413 · e−0.0004 f 3.4244

+ 93.5971 · e−0.0037 f 2.1677

202.7384
, (8)

cs fb( f ) =
40.61 · e−0.1039 f 1.6487

40.691
, (9)

where cs flum( f ) is the brightness filtering function, cs fa( f ) is the red and green channel
filter function, and csfb (f) is the blue-yellow channel filter function.
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3.4. Mura Defect Feature Fusion and Segmentation

The unified segmentation of the image JND feature map becomes more important
after the color and luminance features are processed separately using a multi-channel
mechanism. Through experimental analysis, the complexity of color features exceeds the
variation range of luminance features. To segment the color feature map effectively, this
paper performs weighted fusion processing for color features to achieve a unified feature
evaluation of color features, and the weighted fusion formula is shown in Equation (10).

Scolor =

√
(w1a)2 + (w2b)2, (10)

where Scolor is the color JND feature fusion map, the w1 and w2 denote respectively a, and b
channel JND feature map fusion weighting coefficients. The weighting coefficients need
to be decided according to the background noise of the acquired image, and the average
weighting process is used in this paper.

Finally, the separation of the target and background can be achieved using adaptive
thresholding, and the segmentation threshold is shown in Equation (11).

th = µ + Kδ (11)

µ =
1

M× N

M

∑
i=1

N

∑
j=1

JND(i, j) (12)

δ =

√√√√ 1
M× N

M

∑
i=1

N

∑
j=1

(JND(i, j)− µ)2 (13)

The th is the segmentation threshold, K is the parameter, µ is the mean value of
the JND feature map, δ is the standard deviation of the JND feature map, and JND(i,j)
is the calculated JND feature map. The segmentation thresholds of the L channel JND
feature map and the color JND feature fusion map are calculated respectively to achieve
the segmentation of Mura defects.

3.5. Mura Determination Criteria

As an application extension of the performance evaluation of display color defect
detection, this paper expands the study of quantitative evaluation of color Mura defects in
the actual display color detection performance. Based on the research results of Semicon-
ductor Equipment and Materials International (SEMI) regarding the quantitative evaluation
problem of Mura defects, a uniform evaluation of display quality by manufacturers has
been standardized [26]. The calculation equations are shown in Equations (14) and (15).

SEMI =
|Cx|
Cjnd

=
|Cx|
1.97

S0.33
x +0.72

, (14)

Cx =
(|LM − LB|)

LB
, (15)

where Cjnd denotes the minimum perceptible difference of Mura defects, which is di-
rectly related to the area of Mura defects. Cx represents the contrast characteristics of the
Mura defect.

However, in actual production, the existing Mura defects have been extended from
luminance defects to color Mura defects, so directly using these criteria to evaluate color
Mura defects will be detected as no defects. In this paper, SEMI is extended to Lab-SEMI to
realize the evaluation of color Mura. The calculation equation is shown in Equation (16).

Lab− SEMI = SEMIL + SEMIa + SEMIb, (16)
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4. Experimental Results
4.1. Experimental Setup

Typical Mura defects are shown in Figure 4 below. In this paper, a total of 2800 images
from the proposed Mura defect dataset Mura_8 are used for algorithm performance testing.
All images are annotated with graphs, and all experiments are conducted on the same
computer with Intel Core i7-7700 CPU@3.60GHz, 16 GB RAM, and Windows 7 64-bit
operating system.

Electronics 2023, 12, x FOR PEER REVIEW 7 of 13 
 

 

However, in actual production, the existing Mura defects have been extended from 

luminance defects to color Mura defects, so directly using these criteria to evaluate color 

Mura defects will be detected as no defects. In this paper, SEMI is extended to Lab-SEMI 

to realize the evaluation of color Mura. The calculation equation is shown in Equation (16). 

���-���� = ����� + ����� + �����, (16)

4. Experimental Results 

4.1. Experimental Setup 

Typical Mura defects are shown in Figure 4 below. In this paper, a total of 2800 im-

ages from the proposed Mura defect dataset Mura_8 are used for algorithm performance 

testing. All images are annotated with graphs, and all experiments are conducted on the 

same computer with Intel Core i7-7700 CPU@3.60GHz, 16 GB RAM, and Windows 7 64-

bit operating system. 

 

Figure 4. Schematic diagram of a typical color Mura defect. 

As shown in Figure 4, the images with obvious contrast are selected for display in 

this paper, and subjective observation can be observed that the size of the defect and the 

defect color characteristics are the main reasons affecting human eye perception. 

In this paper, the location, area, and color characteristics of Mura defects are used as 

independent variables. The area of Mura defects is set to 4 levels, and the defect areas are 

scale 1 (15.17 mm2), scale 2 (75.86 mm2), scale 3 (151.72 mm2) and scale 4 (758.63 mm2). 

Mura defect colors were used as the base according to red, green, blue, and yellow, and 

Mura defects were constructed by changing the contrast and saturation, etc. A total of 2800 

Mura defect samples were established, as shown in Table 1. 

Table 1. Table of characteristics of Mura defect dataset. 

Type Defect Feature Num 

area scale 1 scale 2 scale 3 scale 4 800 

color red green blue yellow 800 

brightness dark bright 400 

mix 
red dark green dark blue dark yellow dark 400 

red bright green bright blue bright yellow bright  400 

Figure 4. Schematic diagram of a typical color Mura defect.

As shown in Figure 4, the images with obvious contrast are selected for display in this
paper, and subjective observation can be observed that the size of the defect and the defect
color characteristics are the main reasons affecting human eye perception.

In this paper, the location, area, and color characteristics of Mura defects are used as
independent variables. The area of Mura defects is set to 4 levels, and the defect areas are
scale 1 (15.17 mm2), scale 2 (75.86 mm2), scale 3 (151.72 mm2) and scale 4 (758.63 mm2).
Mura defect colors were used as the base according to red, green, blue, and yellow, and
Mura defects were constructed by changing the contrast and saturation, etc. A total of
2800 Mura defect samples were established, as shown in Table 1.

Table 1. Table of characteristics of Mura defect dataset.

Type Defect Feature Num

area scale 1 scale 2 scale 3 scale 4 800

color red green blue yellow 800

brightness dark bright 400

mix
red dark green dark blue dark yellow dark 400

red bright green bright blue bright yellow bright 400

In this paper, TDR and FDR are used for defect performance evaluation. When the
defect area is large, and the number of defects is single, true detect rate (TDR) and false
detect rate (FDR) are commonly used in display defects to indicate the defect detection
accuracy, as shown in Equation (17). TDR is defined as the sum of correctly detected pixels
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in the test image divided by the sum of true defect pixels. FDR is the ratio of incorrectly
detected pixels to total detected pixels [3], as shown in Equation (18).

TDR =
|S ∩ GT|
|S| , (17)

FDR =
|S ∩ GT|
|GT| , (18)

where S is the threshold split binary map, and GT is the ground truth map.

4.2. Algorithm Performance Analysis
4.2.1. Color Feature Analysis

The existing RGB color space decomposition has a variety of decomposition methods.
This paper compares the commonly used color decomposition methods in Mura defects
and uses the normalized scanpath saliency (NSS) [27] evaluation criteria to compare and
analyze the color decomposition methods. The comparisons are RGB, HSV, Lab, and YUV.

The results of Figure 5 are obtained after an NSS evaluation of the decomposed color
channels. It can be seen from Figure 5 that Lab space has the highest NSS results at different
scales, and the smaller the defect size, the better the significance of Lab space. So Lab space
is chosen as the color decomposition method in this paper.
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As shown in Figure 6, Mura defects are almost invisible in RGB space and YUV
space, while the defect features do not differ much from the background in HSV space.
Luminance and color features can be separated effectively in Lab color space, and effective
enhancement of Mura features can be achieved, so Lab space is used as the luminance and
color feature decomposition method in this paper.



Electronics 2023, 12, 2965 9 of 13
Electronics 2023, 12, x FOR PEER REVIEW 9 of 13 
 

 

 
(a) (b) (c) (d) 

Figure 6. Graphs of the results of different color space decomposition. (a) RGB space; (b) YUV space; 

(c) HSV space; (d) Lab space. 

4.2.2. Analysis of Evaluation Indicators 

An effective defect determination method can improve the defect detection accuracy, 

especially in the case of Mura defects with weak contrast and human eye perception. 

Therefore, the following experiments are designed to test the Mura defect determination 

criterion proposed in this paper. In this paper, four scales of brightness Mura defects and 

four scales of color Mura defects are used to determine the defects. The evaluation results 

using SEMI and SEMI-Lab are shown in Figure 7. 

As shown in Figure 7a, the judgment criteria proposed in this paper are more distin-

guishable than SEMI. In Figure 7b, the trends of the two judgment methods are consistent 

for the luminance Mura evaluation results. Therefore, the original Mura judgment crite-

rion can only be evaluated for luminance Mura, but it can’t be evaluated for color Mura. 

It can be seen that with the scale change, Lab-SEMI evaluation criteria can effectively re-

flect the area change of Mura defects. Therefore, the evaluation criteria proposed in this 

paper are effective for color Mura defect detection. 

Figure 6. Graphs of the results of different color space decomposition. (a) RGB space; (b) YUV space;
(c) HSV space; (d) Lab space.

4.2.2. Analysis of Evaluation Indicators

An effective defect determination method can improve the defect detection accuracy,
especially in the case of Mura defects with weak contrast and human eye perception.
Therefore, the following experiments are designed to test the Mura defect determination
criterion proposed in this paper. In this paper, four scales of brightness Mura defects and
four scales of color Mura defects are used to determine the defects. The evaluation results
using SEMI and SEMI-Lab are shown in Figure 7.

As shown in Figure 7a, the judgment criteria proposed in this paper are more distin-
guishable than SEMI. In Figure 7b, the trends of the two judgment methods are consistent
for the luminance Mura evaluation results. Therefore, the original Mura judgment criterion
can only be evaluated for luminance Mura, but it can’t be evaluated for color Mura. It can
be seen that with the scale change, Lab-SEMI evaluation criteria can effectively reflect the
area change of Mura defects. Therefore, the evaluation criteria proposed in this paper are
effective for color Mura defect detection.
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evaluation; (b) shows the results of luminance Mura evaluation.

4.2.3. Comparison of Algorithm Detection Effect

The detection results of the algorithm in this paper are shown below, where the DCT-
based background reconstruction method is compared separately [14] to the polynomial
fitting-based background reconstruction method [20].

As shown in Figure 8, the polynomial fitting method is nearly unable to detect
blue–yellow Mura defects, and its detection results can only detect the noise in the image
background. The DCT-based method can detect part of the Mura defects, but its detection
results often contain a large amount of background noise. The method proposed in this
paper not only detects blue–yellow Mura defects but also has a better segmentation effect
and background noise suppression ability.
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Figure 8. Red and blue Mura defect detection results. (a) is the original image; (b) is the ground
truth image; (c) is the polynomial background reconstruction detection result; (d) DCT background
reconstruction detection result; (e) detection result of the proposed method in this paper.

Figure 9 shows the detection results of different methods under red and green Mura
defects. The polynomial fitting method still does not detect Mura defects, while the DCT-
based background reconstruction method is unable to detect weak yellow Mura defects
and has poor background noise suppression, but it has some ability to detect more obvious
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defects. The method proposed in this paper can effectively detect and accurately segment
the target and has better noise suppression.
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Figure 9. Red-green Mura defect detection results. (a) is the original image; (b) is the ground
truth image; (c) is the polynomial background reconstruction detection result; (d) DCT background
reconstruction detection result; (e) detection result of the proposed method in this paper.

Figure 10 compares the detection capability of luminance Mura defects. It can be
seen that all three methods can detect the luminance Mura defects. Still, the polynomial
fitting-based method and the DCT-based background reconstruction method have poorer
suppression of background noise, and the method proposed in this paper detects Mura
defects more completely.
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The comprehensive evaluation of the algorithm is shown in Table 2. The method
proposed in this paper is better than the other two methods. The two criteria of the
polynomial fitting method are lower for color Mura detection. The DCT-based method can
detect part of the Mura defects. However, affected by the changes in the defects themselves,
it can’t completely segment the defects, and the suppression of noise is not good. However,
the method proposed in this paper can extract the defects completely and separate the
noise well.

Table 2. Results of algorithm performance evaluation.

Defect Detection Method TDR(%) FDR(%)

polynomial fitting 22.48 75.27

DCT 39.58 58.12

Ours 87.39 2.47

5. Conclusions

In this paper, we propose a color Mura defect detection method based on channel
contrast-sensitive function filtering. Aiming at the detection problem of the low contrast
of color Mura defects, the detection of Mura defects under human visual perception is
realized by using color channel separation and CSF function filtering. Aiming at the lack
of evaluation criteria for color Mura defects, Lab-SMEI quantitative evaluation method is
proposed to realize the quantitative criteria parameter evaluation of color Mura defects.
The experimental results show that the proposed method can detect the color Mura defects
with an accuracy of more than 87%. It can detect the color Mura defects in line with the
human eye perception stably and realize the detection of brightness Mura defects and
color Mura defects, which shows the effectiveness and generalization of the proposed
algorithm. It is difficult to implement the CSF filtering method in practical engineering.
Actual industrial production deployment and testing will be required in future work.
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