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ABSTRACT In contrast to defect-free fabric images with macro-homogeneous textures and regular patterns,
the fabric images with the defect are characterized by the defect regions that are salient and sparse
among the redundant background. Therefore, as an effective tool for separating an image into a redundant
part (the background) and sparse part (the defect), the low-rank decomposition model provides an ideal
solution for patterned fabric defect detection. In this paper, a novel patterned method for fabric defect
detection is proposed based on a novel texture descriptor and the low-rank decomposition model. First,
an efficient second-order orientation-aware descriptor, denoted as GHOG, is designed by combining Gabor
and histogram of oriented gradient (HOG). In addition, a spatial pooling strategy based on human vision
mechanism is utilized to further improve the discrimination ability of the proposed descriptor. The proposed
texture descriptor can make the defect-free image blocks lay in a low-rank subspace, while the defective
image blocks have deviated from this subspace. Then, a constructed low-rank decomposition model divides
the feature matrix generated from all the image blocks into a low-rank part, which represents the defect-
free background, and a sparse part, which represents sparse defects. In addition, a non-convex log det as a
smooth surrogate function is utilized to improve the efficiency of the constructed low-rank model. Finally,
the defects are localized by segmenting the saliency map generated by the sparse matrix. The qualitative
results and quantitative evaluation results demonstrate that the proposed method improves the detection
accuracy and self-adaptivity comparing with the state-of-the-art methods.

INDEX TERMS Patterned fabric, defect detection, GHOG, low-rank decomposition, ADMM.

I. INTRODUCTION

Fabric defect detection is the key step in quality control of
textile products. Currently, it is mainly conducted visually
by skilled workers. However, the detection accuracy and
reliability are restricted by the human errors and eye fatigue.
Automatic and intelligent detection and analysis of fabric
defects based on machine vision can provide a promising
solution, which not only minimizes labor costs, but also
improves accuracy and efficiency. With the development of
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machine vision technology, some fabric inspection machines
have been successfully applied to the textile process, such
as Shelton web-SPECTOR, Barco Visions Cyclops, EVS
ITex2000 and MQT. However, these inspection systems only
work for limited fabric types. Therefore, it is necessary to
further study the fabric defect detection methods.

Machine vision based methods for fabric defect detection
should be designed based on the features of fabric images,
e.g., their texture. One feature is the pattern, referring to the
unit repetitively shown on the fabric. Fig. 1 shows the fabrics
with different patterns from simple non-motif patterns (twill
and plain fabrics, as shown in Fig. 1(a)) to the complex motif
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FIGURE 1. (a) Plain and twill. (b) Star-patterned fabric. (c) Box-patterned
fabric. (d) Dot-patterned fabric.

patterns (e.g., dots, boxes, and stars as shown in Fig. 1(b-d)).
For the plain and twill fabrics, the background is homoge-
neous and the defects are salient. Therefore, it is relatively
easy to detect defects on these fabrics. Most exiting methods
were designed for plain and twill fabrics and can achieve high
detection rate for this type of fabrics. These approaches can
be classified into four categories, including statistical analysis
methods [1], frequency transform methods [2], model based
methods [3], and dictionary learning methods [4]. However,
these methods do not work well for fabrics with complex
patterns due to a few challenges. This is because the repetitive
unit has a complex structure, which can be similar to the
defects, making the detection difficult. Besides, it is difficult
to collect the data samples of defects on these complex fabrics
for the construction of available benchmark datasets.

Recently, a few methods have been proposed for the fab-
rics with complex patterns, such as the ELO rating (ER)
method [5], and wavelet-preprocessing golden image sub-
traction (WGIS) [6]. These approaches also suffer from some
advantages, e,g., requiring non-defective samples. In addi-
tion, the accuracy of these methods heavily relies on the
accurate partitions and the selected template.

Low-rank decomposition model is an effective method
that divides a data matrix into a redundant part spanning
several low-rank subspaces and a sparse part which is the
outlier [7]. As the method can simultaneously detect the out-
liers and recovers the low-dimensional subspace of matrices,
it has been successfully applied for the problems of object
detection, image segmentation, image denoising, etc. For
patterned fabric images, the defect-free regions are macro-
homogeneous, which lay in a low-dimensional subspace,
while the defective regions are salient and sparse. Therefore,
low rank decomposition model can be an effective tool for the
task of the patterned fabric defect detection.

However, directly using low-rank decomposition in the
raw pixel space of images to detect defects in the complex
patterned fabrics is not practical due to the low accuracy. This
promotes us to introduce new powerful descriptors to effi-
ciently characterize the fabric texture, which make the defect-
free or background regions lay in a low rank subspace, whilst
the defective regions deviate from the subspace. In order
to efficiently characterize the fabric texture, the following
should be considered: 1) Texture of defect-free fabric images
usually has specific layout in a unique orientation, yet the
appearance of defects damages the regularity of this ori-
entation. Therefore, an orientation-aware descriptor should
be used for representing the fabric image features; 2) Due
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to the complex texture of the fabric images, the gray value
exhibits a high frequency variance, and hence a high order
gradient descriptor should be employed rather than the first-
order gradient descriptor.

In this paper, we propose to use a second-order orientation-
aware descriptor, denoted as GHOG, by combing Gabor
and HOG. As the 2-dimensional (2D) Gabor transform are
similar to biological visual sensory systems that can effi-
ciently extract the orientation, it is used to generate the first-
order orientational maps. Then, we use them as the inputs to
calculate the second order gradient orientational map over
the same image region. Thereafter, HOG is generated by
counting the gradient magnitude when the gradient orienta-
tion is consistent with the orientation of Gabor filtered maps.
In addition, in order to further enhance the ability of the
describing large variety of local shape changes and to increase
discrimination ability, a spatial pooling strategy is embedded
into the model. Then, an efficient low-rank decomposition
model is constructed to divide the matrix generated by the ori-
entation feature extracted from image blocks into a low-rank
matrix (background information) and a sparse matrix (defect
information). In addition, a non-convex log det is utilized as
a smooth surrogate function to accelerate the convergence
speed of the constructed low-rank model. Finally, the defects
are localized by segmenting the saliency map generated by
the sparse matrix.

A preliminary conference version of this work has been
published in [8]. This paper includes the work in [8] but
significantly extends it in the following points: 1) In [8],
the traditional HOG was used to extract the feature from
Gabor maps. In this paper, HOG is generated by count-
ing the gradient magnitude when the gradient orientation
is consistent with the orientation of Gabor filtered maps;
2) Following the idea of [8], a spatial pooling strategy is
utilized to enable small displacement of second order gradi-
ents in the neighborhood of a certain point; 3) A non-convex
log det is also exploited as a smooth surrogate function for
the rank instead of the nuclear norm to improve the effi-
ciency of the low-rank model; 4) Experimental results are pre-
sented to further demonstrate the efficiency of our proposed
method.

The reminder of this paper is organized as follows.
Section II introduces the related work of fabric defect detec-
tion. In Section III, the proposed algorithm is presented.
Section IV gives evaluation on the performance of the pro-
posed algorithm in comparison with other existing methods.
Finally, we conclude the paper in Section V.

Il. RELATED WORK

Many methods of fabric defect detection were proposed with
the aim to improve the accuracy and to reduce the compu-
tational complexity. Most proposed methods are generally
used to detect defects in plain and twill fabrics, and they
mainly include four categories: spectral analysis, model-
based, and dictionary learning approaches. Spatial statisti-
cal methods via calculating gray-scale values of the defects
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contrasted with their surroundings, including histogram
character analysis method [9], local contrast enhancement
method [10]. However, these methods heavily rely on the size
of selected windows and their discrimination rules. More-
over, they always suffer from the issue to detect small size
defects.

With spectral analysis methods, an image of interest is
converted into spectral domain using a suitable orthogonal
transform, e.g, the Fourier transform (FT) [11], the Gabor
transform [12] and the orthogonal wavelet transform [2].
However, these methods require huge amount of computa-
tions and hence are not efficient.

Model-based methods extract texture features by means of
modeling and parameter estimation. Defect detection is real-
ized by estimating whether the test image is consistent with
the model with normal textures. A few model-based meth-
ods were reported, such as Gaussian-Markov random field
(GMREF) [13], and Gaussian mixture model (GMM) [14].
These methods can achieve satisfactory performance, but
they usually suffer from high computational complexity, and
also the model-based methods cannot efficiently detect the
defects of smaller size.

With dictionary learning based methods, defects are
located in two ways: one is first to construct a dictionary
by adaptively learning the training or test images, and then
reconstruct the defect-free fabric image based on this dic-
tionary. The defects are identified by subtracting the recon-
structed image from the input test image [15]. The other is to
construct a dictionary in the same way, and then the image
patch to be tested is projected on to the dictionary, leading to
reduction in the dimension of the image patch. The defects are
detected using the support vector data description (SVDD)
technique [16]. However, these two methods requires con-
struction of a dictionary for every type of textile images,
and thus are not efficient in terms of computational burden.
Also the performance of the first method may suffer from
the problem that the reconstructed images may exhibit areas
similar to defects.

For complicated patterned fabrics, several methods have
been recently published, such as the wavelet pre-processing
golden image subtraction (WGIS) [6], template matching
for discrepancy measures (TMPM) [17], the Bollinger bands
(BB) [18], the regular bands (RB) [19] and the ELO rating
method [5].

With WGIS, a template (also called golden image) is
selected from defect-free images. Both the template and the
images to be tested are pre-processed by wavelet filtering.
Then the defects are detected by evaluating the difference
between the pre-processed template and the test images. The
TMPM method also makes use of a golden image as the
template for defect detection, but it uses a fitness function to
explore the difference between the template and the images
to be tested. The BB and RB methods detect the defects
by comparing the moving averages and standard deviations
of small area of images against certain thresholds obtained
from the regularity property of a patterned texture, e.g.,
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dot-, boxand star-patterned fabrics. ELO rating (ER) define
a similarity which named as competition score between two
image blocks. The defective image block are detected by
calculating the score between the test image block and a
trained template.

The above techniques for patterned fabric defect detection
employs traditional methods to characterize the fabric texture,
such as wavelet transform, Gabor transform, average value,
and standard deviation. A common feature of patterned fabric
images is the normal background with certain orientation,
which will be destroyed by the defects. Therefore, the orienta-
tion is an important feature for describing the fabric texture.
In addition, as fabric images have the complex texture and
complex variations in their grey level, high-order gradient
should be used to describe them. However, the existing meth-
ods did not consider these characteristics of the patterned fab-
ric image. On the other hand, the majority of existing methods
for complicated pattern usually utilize template matching
techniques to localize the defective regions. The detection
accuracy depends on precise alignment and selection of a
suitable template.

By decomposing the feature matrix into a low-rank matrix
corresponding to the background and a sparse matrix cor-
responding to the object, low-rank decomposition model
can be well applied for the patterned fabric defect detec-
tion problem [20]-[22]. However, the performance of the
low-rank decomposition model depends on selection of
a descriptor. An efficient descriptor can make the back-
ground part in a lower dimensional feature subspace, and the
sparse part is more far away from the subspace. Therefore,
an effective feature extraction is the crucial step for low-rank
decomposition.

In this paper, we propose a powerful second order orienta-
tion aware descriptor, denoted as GHOG, for characterizing
the fabric texture. Moreover, an effective low rank decompo-
sition model is introduced to separate the defective regions
from the normal background.

llIl. THE PROPOSED ALGORITHM

In this section, we describe the proposed fabric defect detec-
tion method, which includes feature extraction of GHOG
descriptor, construction of low-rank decomposition model,
optimization of the model and acquisition and segmentation
of the saliency map.

A. FEATURE EXTRACTION OF GHOG

Effective fabric defect detection requires powerful feature
descriptors, characterized by uniqueness in measurements,
and thus sufficient discriminative capabilities. Considering
the aforementioned characteristics of patterned fabric image,
a second order orientation-aware descriptor is a suitable tool
for describing complex texture. Therefore, GHOG, a new
feature descriptor is proposed, leading to reduction in the
dimension of the feature vectors and capturing information
of second order orientation. The proposed GHOG descriptor
is shown in Fig. 2, and the detailed procedures are described
as follows:
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Gabor directional map Second-Order Gradient Maps

FIGURE 2. Feature extraction of GHOG.

1) Gabor orientational filtered map generation. The 2-D
Gabor filter has the following complex form [23]:

x/2+ 2.2 X

g, y; A, ¥, 0,y)=exp (—#) exp Q <2n—+¢))
20 A

(1)

Its real part is:

”2 2.2 /
g, i A, ¥, 0, y)=exp i A cos 2n£+¢
202 A
2

And its imaginary part is described as:

2 2,2 /
g(x,y; A, ¥, 0,y)=exp v sin 2n£+1/f
202 A
3

where x’ = xcosf + ysinf,y = —xsinf + ycos9, A is
wave length, which is not smaller than 2, and no more than
1/5 of the size of the input image; 6 denotes the orientation,
whose value ranges from 0 to 27; v represents phase shift
ranging from — to 7, while 0 and 7 respectively correspond
to center-on and center-off functions, and —m/2 and 7 /2
correspond to anti-symmetric function; y is the length-to-
width ratio of the filter, which determines the ellipticity of
the Gabor function; the shape is round when y = 1, and the
shape stretches along the orientation of parallel stripes when
y < 1.Inthis paper, y is set to 0.5; o is the standard deviation
of the Gaussian factor in the Gabor function. The value of o
cannot be preset directly, as it depends on the bandwidth b.
b must be a positive constant, which is related to the ratio

gt/

. b .
of o/A, i.e., b = log, —, % = % % . %. In this
o /2

A 2
paper, we usually set b = 1, and then the relationship of o
and A is 0 = 0.56A.
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In this paper, we choose eight orientations 8(6 = 0°,
450,90, 1359, 180°, 2259, 270°, 315°) with one scale to fil-
ter the patterned fabric image, and accordingly eight direc-
tional filtered maps G, (0 = 1,2,..., K, K is set to 8 in
this paper) are generated to capture the orientational features
as follows.

Gr(x,y) :\/(GRk (e, *LCe, )P H(Gr (e, *Ix, )P (4)

where I(x,y) represents the input image, Gg,(x,y) and
Gy, (x, y) for the real and imaginary part of the Gabor filter in
the k — th orientation, ‘*’ represents convolution operation.

2) Generation of the Second-Order Gradient Orienta-
tional Maps. After generating the first order orientational
filtered map G (x, y), we use them as the inputs to calculate
the second order gradient orientational map over the same
image region.

First of all, the gradients in the horizontal and vertical
directions of the image pixel are calculated as follows:

2 2
GMy(x, y) = \/<—8Gk(x’y)) + (—aGk(x’y)> )

ax dy
Ok(x,y) = arctan(aGk;;C’ y)/ 8Gk8(j:’y)) (6)
W:Gk(x+l,y)—@<(x_1’y) )
aGka‘—(yx’y)=Gk(x,er1>—(h<(x,y—1) ®

Then each orientation is mapped to the range of [0, 2]
from that of [—m /2, /2], which keeps consistent with the
number of the Gabor filter maps. After quantization, the entry
n, of each orientation 6, is computed as follows:

B, (x, 1
o<xy>+_J,N), 0=1,2,....K (9

no(x, y)= mod({ 2N T2

83965



IEEE Access

C. Li et al.: Defect Detection for Patterned Fabric Images Based on GHOG and Low-Rank Decomposition

FIGURE 3. The Spatial pooling arrangement of the proposed GHOG
descriptor.

Then, the second-order gradient magnitude GMg(x, y) is
used as pixel value to generate the second-order gradient map
for each pixel location (x, y).

3) Spatial pooling. After generating the second-order ori-
entation map GMj (x, y), we employ spatial pooling to gener-
ate the local descriptor. Firstly, we equally divided the input
image GM(x, y) into N blocks GM; (x, y),i = 1,2, ..N with
the same size Nj x Np, and Nj is set to 16 in this paper; then
each image block is divided into sub-regions using spatial
pooling strategy, and a histogram of certain property (such
as edge points, gradients and binary patterns) is generated
for each sub-region. In the end, the final descriptor for each
image block is formed by concatenating all these histograms
of all the orientations. As suggested by Brown et al. [24],
DAISY-style operation achieved the best performance by
comparing several different spatial pooling strategies. There-
fore, we adopt this strategy to build our proposed GHOG
descriptor. The strategy is illustrated in Fig. 3.

As shown in Fig. 3, on the input image block, a series
of concentric rings of concentric rings is marked whose
radius are arranged in arithmetic sequence. On each ring,
we have K circles with its centers evenly distributed, and
the radius of the circles is proportional to the radius of the
ring. Therefore, there are four parameters which determine
the spatial arrangement of the GHOG descriptor: the number
of quantized orientations (K); the radius of the region (R); the
number of circles on each ring (C); the number of concentric
rings (CR). We empirically set R = 8, K =8, CR = 3 and
C = 8 in our case.

The total number of the decomposed circles can be com-
puted as T = CR x C + 1. Within each circle CRI,,
j = 1,2,...T and for each image block GM!, we define
H;j(s) as the histogram of orientation gradients features of
GM,,, which is constructed by accumulating the gradient
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magnitude GM,i of all the pixels with the same quantized
orientation entry ny.

Hi(s) = Y flm(x,y) =5)xGM(x.y) (10)
(x,y)eCRI;

wheres =0,1,...,.K—1;k=1,2,...,K;j=1,2....,T.

1, if X istrue

0, otherwise

fX) = (1D
Next, for each block of second-order orientation map,

we concatenate all the histograms from 7" circles (as shown

in Fig. 3) to obtain its second order gradient histogram H.

H{ =[H\, Hjy, -, Hir1" (12)

Then, normalize each histogram H,i to a unit norm
vectorH:

~. H]
i = _’; (13)
1 H |l
where || - || usually stands for £;-norm.

For each block of second order gradient maps GM,i, its
GHOG features GHOG; is generated by concatenating the
histograms of all the orientations.

A' /\. /\' T
GHOG,; = |:H{,Hﬁ, ...,H;(} (14)

In order to construct the model in the following section,
we define a feature matrix F as the final GHOG descriptors
to represent the information of the entire image.

F =[GHOG, GHOG, ..., GHOGy] 15)

B. CONSTRUCTION OF LOW-RANK

DECOMPOSITION MODEL

After obtaining the feature matrix F, the problem of fabric
detection is to use an effective model to decompose the
feature matrix F into a redundant information part L. (non-
salient background) and a sparse part S (salient defect). And
the low-rank decomposition model is formulated as:

(L*, S*) =arg (I{ll;l) (rank(L)+u ||S]o) s.t.F = L+S  (16)

where L lies in the low-rank subspace, representing the nor-
mal background, that is, the regularly repetitive texture. S lies
in the sparse subspace, and represents the defective regions.

Since Eq. (14) is non-deterministic polynomial (NP)-hard
problem, it is difficult to obtain the optimal solution of
Eq. (13). We utilize the following convex function to surro-
gate it:

(L*, %) = arg (r[{li;l) (L, + ISl st.F=L+S (17)

where ||L|, is the nuclear norm of L, which is the sum of
the singular values of L; ||.||; indicates the /i norm, which
is the sum of absolute value of all the elements in each
column vector; u is a positive constant that trades-off the low-
rankness and sparsity.
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FIGURE 4. Comparison of L (x, &), rank (x), ||x|, in the case of a scalar.

Use of the nuclear norm as a convex surrogate provides
a way to solve the rank minimization problem in the first
term of Eq. (14), i.e., rank minimization problem is correct.
However, it is very computationally expensive for solution.
Inspired the heuristical work in [25], we employ a non-convex
optimization toward the rank minimization problem. Instead
of the nuclear norm, we use a smooth but non-convex surro-
gate of the rank. For a given matrix with a symmetric pos-
itive semi-definite structure, the rank minimization problem
can be approximately surrogate by minimizing the following
equation [26]:

E(X,£) = logdet(X + &I (18)

where £ is a positive scalar. E(X, &) approximates the sum of
the logarithm of singular values, thus it is smooth and non-
convex. The log det is proved to be a non-convex surrogate
of the rank [27]. As shown in Fig. 4, the surrogate function
E(X, &) yields a better approximate the rank than the nuclear
norm.

For the low-rank matrix L, Eq. (15) is rewritten as follows:

L(L, &) = logdet(LL")"/* + &1)
= logdeq(US'?U~" + &1)
= logdet(x'/% + £I) (19)

where X is the diagonal matrix whose diagonal elements are
eigenvalues of matrix LL” ,i.e..LLT = USU~! ; meanwhile,
%1/ is also the diagonal matrix whose diagonal elements
are the singular values of the matrix L. Hence, L (L, §) is a
log det(-) surrogate function of rank (L) obtained by setting
X = (LLT)I/Z. Finally, Eq. (14) can be rewritten as follows:

(L*, S*):arg(lilisr%(L(L, E)+ulSll) st.F=L+S (20)

C. OPTIMIZATION OF THE MODEL
The alternating direction method of multipliers (ADMM) [28]
demonstrates a good balance between efficiency and accu-
racy in solving optimization problems. In this paper, ADMM
has been adopted to solve Eq. (17).

The augmented Lagrangian multiplier function of Eq. (17)
is as follows:

LS. 2)=L@.&) +plsh+5 1L+~ FI
CZLis—F) @D
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where Z € R™*" is the multiplier of the linear constraint,
B > 0 is the penalty parameter for the violation of the
linear constraint, (-) is the inner product and ||-||f is the
induced Frobenius norm. The proposed objective function
can be solved by alternatively minimizing the objective func-
tion with respect to the L, S and the multiplier Z. It can be
described as solving the following three sub-problems:

L&D = argmin L(L®), §®) 7). g)
L

S«+D = argmin LL*+D | 5, 20, g) (22)
S

zU+) — 7k _ g (L(k+1) + Skt _ F)

For the first sub-problem in Eq.(19), which solves for F at
fixed S and Z, it can be explicitly represented as the following
form:

L* = argminL(L, &)
L
B
2
Substituting Eq.(15) into Eq.(20), we can get the following
Equation:

+ZIL+S—Fl%—(Z,L+S—F) (23)

no
L* = argmin Y _ L(oj(L) + £)
LI
B
2
where ng = min {m, n}, and oj(L) indicates the j-th singular
value of L. For simplicity, we use o; to denote o;(L). Even
though er-‘zl log(oj + &) is non-convex, it can be solved by
utilizing a local minimization approach. We define the equal-
ity h(o) = Y ' 1 log(oj + &). Then h(o) can be approximated

Jj
by using its first-order Taylor expansion, as follows:

h(o) = h (a<k>) + <Vh (a<k>) o — a<k>> (25)

where o® is the solution obtained in the k-th iteration.
Therefore, Eq. (21) can be solved by iteratively solving:

+ZIL+S—Fl% —(Z,L+S—F) (24

k) |12
L%*D = arg min b HL(k) +S5®O _F— z-
L 2 F
n O‘:]
+ )  —— (20)
Z]:l O,J(k) +%'

where we use the fact that V(™) = 370, ﬁ and
o
J

ignore the constants in Eq.(22).

In general, for a real matrix, the weighted nuclear norm is
a convex function only if the weights are descending, and the
optimal solution to Eq.(23) is obtained by a weighted singular
value thresholding operator, referred to as the proximal oper-
ator. In this paper, the weights are ascending, thus Eq.(23)
is non-convex. Therefore, it is difficult to find its global
minimizer. Nevertheless, we could find that the weighted
singular value thresholding gives one minimizer to Eq.(23)
via Theorem 1 (Proximal Operator of Weighted Nuclear
Norm) [29].
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Theorem 1 (Proximal Operator of Weighted Nuclear
Norm) [29]:

Foreach X € C”" and 0 < w1 < -+ < wy,
ng = min{m, n}, a minimizer to

min 2 X — LI + 7 (L, 0) @
is given by the weighted singular value thresholding operator
Sop.r (X):
Sw,r X) :=U (¥ — vdiag(w)) . vt (28)
where UX VT is the SVD of X and (x); = max {x, 0}.

To be consistent with the expression of Theorem 1,
we convert Eq. (23) into a new form:

1 2
L%D = arg min [y®—1® HF +79(L.0®) 29
L

where 7 = 1/B. Y® =

oL, w) = ZJ"O w;k)q indicates a weighted nuclear norm

whose weights a)j(.k) =1/ (crj(k) +&).
According to this Theorem, we can obtain the low-rank
matrix at the (k + 1)-th iteration by

Fh 4 %}) — sk,

L+ — g (i —rdiag(a)(k)))+ vT (30)

where U X VT is the SVD of the feature matrix Y, and
w}k) =1/ (aj(k) + & ) Even though the weighted threshold-
ing is only a local minimizer, it always leads to a decrease
in the objective function value. In this paper, the initial value
0@ issetto[1,1,..., 177,

After solving the low-rank matrix L, the sparse matrix S
can be solved by fixing L and Z. Indeed, we can easily obtain
the solution using the widely-used shrinkage problem [30]:

glk+1) _ %Z(k) _ L(k+1)+F—PQy/5 [%Z(k)_L(k+l)+Fi|
3D

where PQV s¢ indicates the Euclidean projection onto:

Qlf = (X e R™"|—y/B<Xj<y/B} (3D
Then the multipliers Z can be updated as follows:

D. SALIENCY MAP ACQUISITION AND SEGMENTATION

1) SALIENCY MAP ACQUISITION

For a given patterned fabric image, decomposing the feature
matrix F into a low-rank approximation L, which corresponds
to the normal patterned background, and a sparse part S,
which corresponds to the defective objects. A saliency map
M is generated by the /1-norm of each column S; in S, and it
is described as follows:

M(Ii) = 1ISilly (34)

The larger value of M (I;) indicates that the patch 7; is more
likely to be defective objects.
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2) SALIENCY MAP SEGMENTATION

N
First, obtaining a new saliency map M by de-noising the
generated saliency map M

A/}=g>k(MoM) (35)

where g denotes the radius of circular smoothing filter and

o’ means the Hadamard inner product operator and ““*” is
the convolution operator.

A
Next, normalizing the new saliency map M in [0, 255]
A A
m=—2 min(M) — %255 (36)
max(M) — min(M)

Finally, segmenting Ajl by adopting an improved adaptive
threshold segmentation algorithm [31] to localize the position
of defective regions.

IV. EXPERIMENTAL RESULTS

In this section, we evaluate our proposed approach and com-
pare with state-of-the-art methods in the datasets of 256-
by-256 patterned fabric images, which are from Industrial
Automation Research Laboratory, Dept. of Electrical and
Electronic Engineering, The University of Hong Kong, these
images have three patterns: star-, box- and dot-patterned fab-
ric datasets for performance validation. There exist 25 defect-
free and 25 defective images in the star-patterned fabric
dataset, 30 defect-free and 26 defective images in the box-
patterned fabric dataset and 110 defect-free and 120 defective
images in the dot-patterned fabric dataset, respectively. All
the these images have corresponding ground-truth images
which are treated as standard criterion. In this paper, all
experiments are conducted on the platform of the computer
with Inter(R) Core(TM) i3-2120 3.3GHZ CPU and 4G DDR
memory, and in the simulation environment of MATLAB
2016a software.

A. QUALITATIVE RESULTS

According to the low-rank decomposition model, the feature
matrix extracted from the given patterned fabric image can
be divided into the superposition of two parts, i.e., a low-rank
approximate matrix and a sparse residual matrix. The final
detection result can be obtained from the saliency map which
is generated by the sparse matrix, so as to localize the position
of the defective regions.

The proposed method includes two parts: feature extraction
and detection method, they are equally important for fabric
defect detection. In order to validate the effectiveness of
our method, we firstly compare the saliency maps generated
by different descriptors, including Gabor [23], HOG [32],
Gabor+HOG (different from our proposed GHOG, it simply
concatenates Gabor and HOG), and HSOG [33] and different
detection methods, such as the template matching method
(TMM) [34], the context analysis method (CAM) [35] with
our method, as shown in Fig. 5.
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(a) Sal

Gabor+LR HOG+LR

Netting
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(b) Saliency maps for box-pattemed fabric images

Original images ~ Gabor+LR HOGHLR  GabortHOG+LR  HSOG*LR  GHOG+TMM  GHOG+CAM Ours

B .

Netting
Muliiple

(¢) Saliency maps for dot-patterned fabric images

Original images  Gabor+LR HOG+LR  Gabor+HOG+LR HSOG+LR ~ GHOG+TMM  GHOG+CAM Ours.

Netting
Multiple

Thin
Bar

FIGURE 5. The saliency maps generated by different features and
detection models. The first column shows the original images, the second
column shows saliency maps generated by Gabor [23] with the LR model
(Gabor + LR), the third column shows the saliency maps generated by
HOG [32] with LR model (HOG + LR), the fourth column shows the
saliency maps generated by Gabor and HOG with LR model, the fifth
column shows the saliency maps generated by HSOG [33] with LR model
(HSOG + LR), the sixth column shows the saliency maps generated by
GHOG and TMM model [34] (GHOG + TMM), the seventh column shows
the saliency maps generated by GHOG and CAM model [35] (GHOG +
CAM), and the last column shows the saliency maps generated by our
method.

The first column are the original images, from the second to
the seventh column are the saliency maps generated by Gabor
feature [23] and the LR detection model, HOG feature [32]
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and the LR detection model, Gabor+HOG features and the
LR detection model, HSOG [33]features and the LR detec-
tion model, GHOG feature and the TMM [34] detection
model, GHOG feature and the CAM [35] detection model,
respectively, and the last column consists of the saliency
maps generated by our proposed method (GHOG feature and
the LR detection model). From the second column and the
fifth column in Fig. 5, we can conclude that the detection
results based on the Gabor, HOG and Gabor+HOG and
HSOG features combined with LR model cannot outstand
the defect region for star-patterned fabric and box-patterned
fabric images, but they can outstand the detect region for
dot-patterned fabric images. On the other hand, from the
sixth column and the seventh column in Fig. 5, the saliency
map generated by the GHOG feature and the TMM or CAM
detection models cannot outstand the defect region. In the last
column, we can see that the saliency map generated by our
method can efficiently outstand the defect region for all the
three types of images. And the performance of these methods
can be concluded as Table 1. From Fig. 5 and Table 1,
we can see that the proposed defection method based on
GHOG and LR is more suitable for patterned fabric defect
detection.

In addition, we compare our method with some state-
of-the-art visual saliency models, including WT [36],
PGLSR [37], TDVSM [34], LSF-GSA [35] and SOMC [38],
as shown in Fig. 6. WT [44] analyzed wavelet coefficients
in the frequency domain to obtain the saliency map. How-
ever, even in a normal background with complex pattern, its
wavelet coefficients are larger, which will lead to incorrect
detection results. The PGLSR method [37] could effectively
detect defects in the patterned fabric, but similarities in tex-
ture between the background and the defect lead to inaccurate
shape descriptions of the defects, such as the third image
in Fig. 6(a). TDVSM [34] generated the saliency map by com-
puting the subtraction of texture features between each pixels
and their average value. It could obtain a better detection
performance for fabric images with plain or twill textures, but
failed in the patterned fabric defect detection, especially for
box-patterned ones. LSF-GSA [35] incorporated local texture
features with global analysis to generate saliency map, while
the detection results may existed large amount of noises. Our
method generates saliency maps by combining the GHOG
feature descriptor with a low-rank decomposition model, and
it effectively outstands the defective regions. Subsequently,
segmenting the generated saliency maps to get the final detec-
tion results.

We also compare our detection results with the existing
fabric detection algorithm. Since TDVSM [34] is invalid for
detecting patterned fabric defect, thus in this work, we only
compare the proposed method with the other two valid detec-
tion methods,i.e, PGLSR [37] and LSF-GSA [35], the exper-
imental results comparison is described in Fig. 7. In Fig. 7,
we can see that the other methods (as shown in the first
three columns) can almost localize the defect region, but the
detected shape of the defect is different from the ground
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(b) Saliency maps for box-patterned fabric images

Original images WT PGLSR TDVSM LSF-GSA SOMC Ours
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() Saliency maps for dot-patterned fabric images
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FIGURE 6. The saliency maps of our method compared with other
state-of-the-art saliency models. The first column shows the original
images, the second column shows saliency maps generated by WT [36],
the third column shows the saliency maps generated by PGLSR [37],
the fourth column shows the saliency maps generated by TDVSM [34],
the fifth column shows the saliency maps generated by LSF-GSA [35],
the sixth column shows the saliency maps generated by SOMC [38],and
the last column shows the saliency maps generated by our method.

truth. Our detection results (as shown in the sixth column)
are similar to the ground truth images (as shown in the last
column), can efficiently localize the defective regions, and
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(a) Detection results for star-patterned fabric images
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(b) Detection results for box-patterned fabric images

Original images TDVSM PGLSR LSF-GSA SOMC Ours
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(c) Detection results for dot-patterned fabric images
Original images ~ TDVSM PGLSR LSE-GSA SOMC Ours GT

Broken
End

Hole

Knots

Netting
Multiple

Thick
Bar

Thin

FIGURE 7. Detection results of our method compared with other fabric
defect detection methods. The first column shows the original images,
the second column shows the detection results of TDVSM [34] method,
the third column shows the detection results of PGLSR [37] method,

the fourth column shows the detection results of LSF-GSA [35] method,
the fifth column shows the detection results of SOMC [38] method,the
sixth column shows the detection results of our method, the last column
shows the ground-truth images.

the detected shape of the defect is similar to the ground truth.
This demonstrates that our proposed method is superior to the
other methods.
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TABLE 1. Comparisons with other methods.

Methods/ fabric image

Gabor+LR HOG+LR HSOG+LR GHOG+TMM GHOG+CAM GHOG+LR

star-patterned X X Vv X X Vv

box-patterned X X X X X Vv

dot-patterned v Vv Vv X X Vv
TABLE 2. Average numerical results for each defect type of star-patterned fabric images.

Defect BrokenEnd ole Netting Multiple ThickBar ThinBar ‘
Methods ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV (%)|ACC(%) TPR(%) FPR(%) PPV (%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV (%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)
TDVSM [34] 54.45 54.07 4555 0.82 99.42 57.11 69.99 4316 3.34 98.89 52.70 67.31 4835 9.13 95.63 59.65 64.62 4115 2018 91.18 57.95 6439 4222 398 98.35
LSF-GSA [35] 88.37 36.37 836 2141  95.83 91.50 3033 449 3075 9543 86.02 2394 397 4927  88.68 82.53 2775 831 3583 2775 88.91 19.34 936 4.88 97.84
PGLSR [37] 96.68 4524 2.60 19.59  99.22 96.59 5457 251 31.88  99.01 92.33 54.57 5.05 4282 96.79 96.09 60.49 207 60.13 97.96 93.78 4488 481 21.25 98.35
SOMC [38] 96.01 65.56  3.65 16.93  99.60 96.96 7287 271 26.81  99.62 95.44 71.99  3.63 44.16  98.86 94.96 67.28 3.29 56.15  97.92 95.77 64.02 378 19.07  99.48
WGIS [6] 95.74 0.26 3.56 0.09 99.60 95.82 0.34 3.66 0.05 99.45 94.76 1.03 3.61 0.88 98.25 93.40 437 3.44 5.09 96.63 95.42 0 3.65 0 99.00
ER [39] 98.13 8.79 1.16 717 99.27 98.32 2447 123 11.68  99.54 97.76 1642 0.82 12.61  98.54 97.30 69.52  1.67 5452 98.81 96.72 4547 283 12.50  99.45
BB [18] 98.24 2.83 0.78 3.33 98.99 99.15 2.69 0.16 8.18 99.31 97.60 11.58 042 37.11  97.99 96.56 30.67 049 63.18  96.88 98.60 6.76 0.23 22.16  98.82
RB[19] 98.75 4.54 0.45 7.52 99.19 99.28 6.90 0.12 2599  99.39 98.11 1523 025 4799 9834 96.79 19.61 0.32 77.11 96.86 98.82 3.14 0.08 27.69  98.89
1D [40] 97.58 75.62 217 17.64  99.74 97.16 7234 2.69 3329  99.77 98.75 82.19  0.96 56.60  99.70 99.30 94.45 047 79.93  99.76 94.98 81.59 498 13.86  99.29
GHOG(Proposed)|99.10 76.47 1.39 3161  99.76 98.54 79.44  1.12 3691 99.79 97.64 70.69 1.24 59.41 99.20 97.26 95.53  0.76 80.50 99.79 99.51 84.78 1.40 3726 99.55
TABLE 3. Average numerical results for each defect type of box-patterned fabric images.
Defect BrokenEnd Hole Netting Multiple ThickBar ThinBar ‘

Methods ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV (%)
TDVSM [34] 41.31 5724 59.24 327 96.46 41.08 62.04 59.08 0.77 99.32 45.17 6532 5523 227 98.50 45.87 73.88 56.09 8.44 96.00 42.64 61.22 5754 1.04 99.10
LSF-GSA [35] 89.84 21.56 497 24.80 94.10 91.07 3247 480 3227 95.24 89.15 2479 727 1591  95.69 85.09 18.54 9.33 14.26  93.00 87.08 2393 627 28.65 92.13
PGLSR [37] 94.24 4042 258 48.04  96.52 90.48 5393 746 29.03  97.26 91.51 2846  5.09 2321  96.09 95.28 54.58 211 6242 97.11 93.75 4448 451 25.89  97.98
SOMC [38] 94.99 52.16 3.58 32.67 9837 96.67 62.08 281 2490 99.42 95.18 5345 384 2474  98.87 94.56 4756 3.18 4172 9747 95.66 5730 3.73 19.71  99.30
WGIS [6] 74.85 3639 2443 294 98.40 74.17 31.17 2552 092 99.31 73.77 33.00 25.68 1.28 98.87 75.32 49.08 2424 430 98.77 75.33 2690 24.20 1.02 99.07
ER [39] 95.27 10.26  0.69 3043  95.88 97.66 0 0.03 0 97.69 95.77 0.15 0.04 4.00 95.81 95.43 2276  1.68 4240  96.93 75.33 2690 2420 1.02 99.07
GHOG(Proposed)|95.52 57.83  0.89 61.44  98.57 98.26 7237 0.5 42.09  99.60 97.21 49.88  0.92 40.67  99.02 96.69 47.35 0.85 50.41 97.47 97.71 5796 115 3470 99.35

TABLE 4. Average numerical results for each defect type of dot-patterned fabric images.

Defect g Hole Knots Netting Multiple ThickBar ThinBar ]
Methods ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)|ACC(%) TPR(%) FPR(%) PPV(%) NPV(%)
TDVSM [34]  [4606 4784 5405 558 9295 [4494 5276 5521 179 9803 [43.16 63.65 5752 354 9724 [4694 6697 5387 484 6697 |4934 5752 5231 1814 8478 [4262 6653 5795 268 9813
LSF-GSA[35] [7929 2118 958 2973 8570 [88.91 2438 486 3262 9288 |[87.84 3478 363  60.62 90.19 7645 1711 099 8669 7586 (7058 1773 284 7583 7013 [90.30 1623 245 3929 9225
PGLSR [37) 9421 3155 200 4719 9603 (9379 6148 496 3253 9845 (0415 3436 151 6233 9538 [9LI8 2520 137 6750 9211 [8646 6075 400 8492 8683 (9473 6561 356 5204 97.95
SOMC [38] 9177 3736 397 4243 9514 (9379 6035 495 3151 9845 (9207 4541 515 3446 9668 (9158 4301 403 4904 9491 [8757 6045 447 7988 89.17 (9515 6429 316 5271 98.02
WGIS [39] 80.04 5493 008 2551 9390 [83.06 7513 017 1092 99.15 [73.55 3861 025 489 9710 [81.06 6292 0.8 1410 9773 (8149 7166 0.7 3318 9558 (8339 6669 0.6 1066 98.64
ER [39] 96.69 3227 001 5625 9190 (9449 6921 005 3063 9894 [97.07 5435 001 6688 98.10 [9641 4379 001 8095 9779 [8476 8494 015 4946 9619 (925 8122 0.07 2681 9930
BB [18] 8798 446 007 7624 8800 [97.14 2609 063 5534 9614 [9677 2992 055 6793 9724 (9607 2943 015 9081 9614 [9293 6349 288 7574 9476 (9721 5371 126 5867 9837
RB [19] 8872 1233 034 6420 8865 9666 1540 072 40.54 9562 (9640 2083 044 6578 9678 (9564 2115 005 9639 9562 [93.72 6546 204 8143 9490 [97.82 5393 061 7527 9837
1D [40] 9542 68.66 200 6173 9646 (9562 8673 412 3700 9923 [98.13 7947 120 6939 9924 [98.05 8597 130  77.13 9923 [99.57 9858 034  97.10 9986 [9933 9736 059 8140 99.91
GHOG(Propos 537602170 77729698 [97.90 9019 280 6048 9945 (9889 8337 174 7102 9931 [98.90 8885 138 5328 9951 [99.74 3844 243  97.56 8410 [99.78 9738 153 8560 9572

B. QUANTITATIVE EVALUATIONS

Some evaluation metrics are introduced to further verify the
performance of our approach. Four statistical parameters,
i.e., true positive (TP), true negative (TN), false positive (FP),
false negative (FN), are adopted in this paper, which have
been used by Ng et al. [40]. Based on these parameters, some
measurement metrics including: Accuracy ACC = (TP +
TN)/(TP + FN + FP 4+ TN), true positive rate TPR
TP/(TP+FN), false positive rate FPR = FP/(FP+TN), pos-
itive predictive value PPV = TP/(TP+ FP) and negative pre-
dictive value NPV = TN /(TN + FN). The average numerical
results for each defect type of star-, box-, and dot-patterned
fabric images are illustrated in Table II, Table 3 and Table IV,
respectively. When available, these numerical results of all
the compared methods are generated either by using the
publicly released source code with fault parameters provided
by the authors (including TDVSM [34], PGLSR [37], LSF-
GSA) [35], and SOMC [38]), or directly copy the numbers
reported in their papers (the results of WGIS [39] and ER [39]
are listed in [39] and BB [18], RB [19], and ID [40] are listed
in [40]). From these Tables, we can see that our proposed
approach performs the best performance on the three bench-
mark patterned fabric datasets.

C. RUNNING TIME ANALYSIS

In this paper, a non-convex log det as a smooth surrogate
function for the rank instead of the nuclear norm is adopted
to improve the efficiency of the proposed method. In order
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to demonstrate its efficiency, we compare the running time
for the two methods. For the LR model with nuclear norm,
the running time is 0.27 s for detecting one image in our
simulation environment; however, the running time for LR
model by using smooth surrogate function is 0.18 s. There-
fore, our proposed method can efficiently reduce the running
time comparing to the traditional low-rank model.

V. CONCLUSION

In this paper, we have presented a novel patterned fab-
ric defect detection method based on GHOG and low-rank
decomposition. The main contributions of our method are
summarized as follows: 1) in order to efficiently characterize
the fabric texture feature, a novel second-order direction-
aware feature descriptor, denoted as GHOG, a combination of
Gabor and HOG, is proposed; 2) the low-rank decomposition
model is adopted for defect detection; 3) in order to improve
the efficiency of the proposed method, a non-convex log det
as a smooth surrogate function for the rank instead of the
nuclear norm is also exploited.

We also compare the performance of the proposed
approach with some stae-of-the-art approaches on the three
benchmark patterned fabric datasets. Experimental results
both in qualitative and quantitative demonstrate the effective-
ness and superiority of our proposed approach. Furthermore,
our proposed algorithm provides a new idea for surface defect
detection of other industrial products.
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