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Abstract. In industry, the automatic recognition of surface defects of flat steel
products still represents a real challenge. Indeed, in addition to constraints such
as the image noise or blur, there is neither an agreed standard of these defects
nor a standard method that can ensure the defect identification, whatever are
their size, shape, orientation and location. Thus, the complexity of the algorithm
that deals with this matter always depends on specific needs of the application.
In this paper, we give details on an approach that combines Gabor wavelets
(GW) and the local phase quantization technique (LPQ), to describe the steel
surface images, and uses the histogram to extract their characteristics. The
defect classification is carried out by means of two classifiers, namely the
nearest neighbors and the support vector machine. The method assessment is
based on testing different parameter values of the used tools. The approach
shows a good performance in terms of recognition rates and feature vector
length, which impacts the computing time. Also, the study reveals its suitability
for an online steel surface defect recognition application.

Keywords: Quality control, Computer vision, metal surface imaging, Filter
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1 Introduction

Vision based systems represent the contact-free, non-invasive and reliable solution
that has found a large usage in many fields as biometrics, biomedical and aerial
imaging as well as product inspection [1] In metal strip manufacturing plants, for
instance, such a system assures the automated product quality monitoring. Since a
good surface finish of the product is a necessity to meet all users’ requirements, it has
been, for a long time, online inspected by highly skilled operators. However, the
increasing demand of steel goods has resulted in faster production lines and has made
much more difficult the job of surface monitoring by human inspectors. Despite the
introduction of machine vision based automatic inspection systems the issue of the
detection and recognition of the steel surface flaws still present a challenging task.



Steel surface defects may be of different sizes, shapes, orientations and localizations
within the image. Their random occurrence depends on the input product and the
rolling process quality. For their detection and classification, numerous studies have
been carried out, different approaches have been applied and significant results have
been obtained, with regard to application needs [2, 3].

We can find methods that have used histogram properties and thresholding fast
operations for the description of some defect types, which have been classified by
SVM [4]; or other dynamic thresholding method of the pixel distribution, as in [5]. It
helped to efficiently detect a complex rolled-in-scale defect in the hot rolling process.
As for approaches in the spatial domain filtering, gradient operators, as a raw filtering
means, have been used to define a seed point of a defective-region candidate in hot
rolling steel process. It has been followed by a growing region operation to delimit a
seam defect, and combined to thresholding and morphological operations to detect
vertical scratches [6, 7]. Whereas Sobel, Gaussian, Wiener, Laplacian or other
weighted averaging filters have been, according established procedures, although
often complex, used for noise reduction, image deblurring, or for preserving defect
edges. They have achieved interesting defect recognition rates [8]. Moreover,
numerous statistical approaches have been used in re-encoding original image pixels
to capture a maximum of the texture information of hot rolled steel images. For
instance, with methods based on the LBP concept, as LTP, CLBP, AECLBP, ULBP
and so on, or the methods based on the dual cross pattern DCP, the processed
information has been gathered from just the image itself, i.e. the pixel neighborhood
[9-14]. Whereas in BSIF method studies [15-18], the texture information has been
revealed by the use of external filters, pre-learnt from natural images and applied
either individually or in a multiscale approach.

Further, for more robustness against noise and image compression efficiency with a
minimum loss of information, wavelet based approaches (Haar, Daubechies,
Orthogonal) have been applied, mainly, for complex defect identification as scale on
billets, plates and strips [19, 20]. Some other studies have showed an interest in the
2D Gabor transform. The filter complex responses have been thresholded or re-
processed by a gradient based feature method to detect seam and scratch defects on
plates and slabs [21, 22].

In this paper, we give a detailed scheme of building discriminant descriptors of defect
images, based on the combination of Gabor wavelets (GW), known as efficient in
image abrupt changes representation, and the Local Phase Quantization (LPQ)
technique which captures the image local structure, while being invariant to the blur
artifact. The merit of the proposed approach is of several folds: The mentioned tools,
are for the first time combined and applied for steel flaws identification; a good
performance is achieved in comparison with the tested methods or some previous
works; the capability is proved in dealing with more than one surface flaw, unlike
many other methods; and finally, with the used short feature vector, the suitability for
a real time application is shown. In the remainder of this paper, an overview about the
used techniques is given in section two, followed by the tool combination procedure.
In the section four, the conducted experiment is exposed, the results are discussed and
compared, and the computing time is assessed. The study ends with a conclusion.



2 Processing tools for defect image description

As reported in the literature, many techniques are used to extract features that best
describe the defect image. Such methods have some advantages, but may present
others weaknesses, as for instance some information loss. This, what may explain the
fact that a defect image is often processed by more than one tool to provide a
representative feature set, as discriminant as possible.

2.1 Gabor wavelets

Gabor transforms is known as a filtering operation, used to analyze the image texture
by looking for specific frequency content in a specific direction and in a localized
region around an image point. The Gabor wavelets represent complex band-limited
filters, which are Gaussian kernel functions modulated by complex waves with a
center frequency and orientation. The image representation by Gabor wavelet consists
in convolving it with 2D Gabor kernels, defined by the expression in Equation 1 [23,
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Where |.| is a norm operator, i and v are respectively the orientation and the scale
numbers of Gabor functions, z=(x, y) is a vector with a spatial coordinates, ¢ is the
standard deviation of the Gaussian function and k,,, is the wave vector expressed by:

kyy =ky.exp(ig, ) (2)

With: kv=k,o/fy, kpax=1/2, @,= mutv, i =«/—_1 , and where f, is the spacing factor
between kernels in the frequency domain.

The number of the resulting kernel is determined by the product w.v. The Fig. 1
represents the imaged samples of Gabor wavelets real part.
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Fig. 1. Real part of Gabor filter bank of two scales, four orientations, and a medium window of
7x7 of size



2.2 Local phase quantization

Basically, the LPQ technique focuses on the extraction of the local phase information
of an image, in the frequency domain [25, 26]. For this, it is assumed that an
acquired/blurred image b(x) is a result of the 2D spatial convolution of an original
image i(x) with h(x) a point spread function (PSF), showed in equation 3.

b(x) = i(x)* h(x) (3)

This function is expressed, in the frequency domain, by the product of the Discrete
Fourier Transform of the original image and the PSF, as in equation 4.

B(z) = 1(2).H (2) 4)

Where the phase of the resulting complex number is:

ZB(z)= Z1(z) + £H(z) (5)

In LPQ, the PSF is considered centrally symmetric. Then, its phase, in the frequency
domain takes the values as follows:

0 if H(z)20 (6)

<H®) :{ zif H(z)<0

Hence, at the frequencies where the H(z) is positive, its phase angle is of zero value,
what means that the phase angle of B(z), in equation 5, does not change, and £ I(z)
reflects the blur invariant property. Thus, the local phase information of an input-
image pixel is obtained by considering a neighborhood of NxN size and by computing
the local spectra with the Short Term Fourier Transform:

_ . ©
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Weritten in a vector form as:
I(z,x)=eli, ®)

Where i(.) is a square window from the image at each x, i, is the vector of the pixel in
the considered window and e, is the 2-D DFT basis vector, at the frequency z.

The LPQ method focuses on only four frequency points, expressed by the following
frequency vectors : z;/a, 0]", 200, a]” zs[a, a]”, zila, -a]". Where a is a small scalar
satisfying H(z)>0 , and for which, the complex elements of the resulting vector for
each image pixel are:

I, =[1(z1. %), (23, %), I(z3. %), 1(z4. %)) )

I, is reorganized to have a new vector, constructed with the eight coefficients of both
real and imaginary parts of the complex elements /(z; x), as follows:

C, =[Rell x } tmfl ' ={ey(x)s (2 )} (10)

Finally, to encode the pixel phase information, the eight coefficients of C, are
binarized by applying the following scalar quantizer:



1 ifc;(x)=0
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0 ifc;(x<0

Where c;(x) is the i™ element in the C, vector.

The new pixel code that represents the pixel local phase and reflects the blur invariant
property, is computed by using the eight binary values g, as in equation 12.

S D
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3 Method combination scheme

As known, in pattern recognition, the objective of the feature extraction and
classification tasks is, mainly the high rate achievement at an optimal computing time
cost. However, in the considered application, this identification is more complex
because the homogeneous steel surface structure can be affected not only by the
occurring defect, but by the blur effect too. This may be induced by the moving state
of the inspected surface or more generally by the industrial environment. Therefore,
the image descriptor is built, by the proposed algorithm of Fig. 2, using together the
two aforementioned tools to make it more discriminant.
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Fig. 2. General scheme of strip defect identification based on GW-LPQ process

The abrupt changes in the image defect are captured by Gabor wavelets which are
proven to be efficient in characterizing the image properties and capturing the spatial
frequency structure and orientations. Whereas, the local phase, which is relevant
information in the defect image description, is extracted by the means of the local
phase quantizer, known for its insensitivity to the image blur artifact.



4 Experiment and results

4.1 Used datasets

¢ Northeastern University steel strip defect dataset

In order to assess the proposed algorithm, the NEU Database [27], used in many
published works, has served as a benchmark for a comparison. This dataset includes
six defect types among the most frequent in a hot rolled strip: Rolled-in-scale (RS),
Patches (Pa), Crazing (Cr), Pitted surface (PS), Inclusions (In) and Scratches (Sc).
With enough within class variabilities and between class similarities, the defect
classification is made more challenging. Some defect samples are depicted in Fig. 3.

In
To better evaluate the proposed approach, we have used our defect dataset
(RC_DDB). It includes the following six defect types that are the most frequent on the
considered hot rolling line: Scale/under pickled (UP): Sticky scale or unwashed iron
oxide covering a large surface, due to an improper descaling process; Fire-Crack
(FC): Due to thermal shocks, some cracks generated on the finishing roll surface are
transferred to the surface strip; Shell (Sh): non-metallic inclusions, initially on the
slab sub-surface, appear as an overlapping material on the surface of the strip; Sticker
(St): Distributed pits over the surface length of the strip and transferred by the dent
marks of scrap stuck to the roll surface; Hole/massive rupture (MR): metal tears and
perforations, caused by the poor ductility of the material or by a locally weakened
section; Pinch roll marks (PM): Marks present at the head and tail ends of the hot

band and caused by the abrasive and adhesive wear of the coiling-system pinch roll.
Several variabilities in defect size, location, and orientation have been introduced in

RS

Fig. 3. Defect image samples from NEU Database

e Research center defect dataset



this dataset, to create more constraints in the defect detection of the 300 variant of
each defect type. Some RC_DDB defect samples are depicted in Fig. 4.

Fig. 4. Defect image samples from RC_DDB Database

4.2 Defect recognition procedure

Firstly, all database images are grouped in a global matrix in their vector form, prior
to be processed. Gabor filters are constructed with one mother wavelet by dilation and
many orientations/directions. Two sets of kernels are tested: (x, v)={(4,2), (8,5)}.
According to the general scheme in Fig. 2, the real part of Gabor wavelets (GW) is
convolved with the defect images. Each of the uxo resulting image is then processed
by LPQ.

From each LPQ-output image a histogram is extracted and concatenated according to
the first dimension, with the histogram of the previous LPQ-output. Thus, the final
vector includes yxo histograms, and represents a raw feature vector of a defect image.
As the process progresses, the raw feature vectors related to images of different
classes, are concatenated columnwise, in a single and global matrix representing a
new set of defect-image feature vectors.

A training partition is taken from this feature vector set and re-processed to reduce the
dimension of the vectors, while keeping among their components, the most
significant. This task is accomplished by combining PCA and LDA techniques, which
have some known advantages. The first one can provide a good data representation of
a same class, and the second has the property of discriminating the data of different
classes. The obtained new reduced sub-space is used for the projection of the test
image vectors, before their classification.



4.3 Results and discussion

Unlike others applications, as in biometrics, where the target in the image is enough
sized and well shaped, a steel surface flaw may be spread and with no border as pitted
surface, or may be scattered in small seeds of scale or inclusion, which may be
confused with a noise. Hence, that importance in choosing the suitable processing
tools. The NEU defect images are assumed to have been already sized and
preprocessed as used in [27]. So, more filtering operation, or subsequent image
decomposition in regions is unnecessary. Images are used as they are presented in the
dataset. As for our RC_DDB, the raw defect images have been resized to 200x200
pixels, and processed by the widespread median filtering operation to eliminate
outliers or extreme values.

For the two datasets, the defect recognition rate is computed several times, with the
same method parameters. In each time, a different training set of the same size is
randomly chosen; the average value of fifty trials is computed as well as the standard
deviation. This latter is an indication about the result scatter or the confidence
interval, depending on the training set composition [28]. So, it gives an overview
about the effectiveness and robustness of the proposed approach. Tables 1 and 2
summarize the results obtained with the two assessed datasets.

Table 1. Average rates of NEU Database defect recognition.

Processing tools Tool parameters Feature Classifier ~Results (%)
vector

GW_LDApca D=4, S=2 2048 KNN;, 82.40+1.37
SVM,¢ 79.22+1.12

D=8, S=5 10240 KNN; 86.63£1.11

SVM,¢ 88.36+1.01

LPQ_LDApca W.S.=9x9 256 KNN;, 96.18+0.57
SVM,¢ 95.58+030

GW_LPQ D=4, S=2, W.S.=9x9 2048 KNN; 92.67+0.87
GW_LPQ_LDApcy D=4,S=2, W.S.=9x9 2048 KNN; 99.124+0.29

SVM;¢ 98.67+0.32
D=8, S=5, W.S.=9x9 10240 KNN; 98.98+0.25
SVM, ¢ 98.44+0.86

As shown in the tables, the two processing tools GW and LPQ give moderate
identification rates, when used individually. Increasing the direction and scale factors,
in the Gabor method, improves the result; however, at the expense of the feature
vector length, what highly impacts the processing time. Whereas the LPQ method
performs better with a window size of 9x9 and a shorter feature vector.

As for the combination of GW and LPQ (GW_LPQ), it deals with all components of
medium-length feature vectors, i.e. no data reduction. The obtained result is
interesting, but in general, it does not improve any more that of the previous methods.



Table 2. Average rates of RC_DDB Database defect recognition.

Processing tools Tool parameters Feature Classifier Results (%)
vector

GW_LDApca D=4, S=2 2048 KNN;, 76.73+1.80
SVM,¢ 68.81+1.88

D=8, S=5 10240 KNN; 81.46£1.06

SVM,¢ 78.80+1.21

LPQ_LDApca W.S.=9x9 256 KNN; 78.81+1.15
SVM,¢ 76.23+£1.05

GW_LPQ D=4, S=2, W.S.=9x9 2048 KNN;, 73.47+1.42
GW_LPQ_LDApcsy D=4,S=2, W.S.=9x9 2048 KNN; 88.01+0.92

SVM,;  86.07+1.08
D=8, S=5, W.S.=9x9 10240 KNN; 89.54x1.11
SVM,,,  88.25:1.46

The significant improvements are brought by the application of the LDApca
technique, to the raw feature vectors, to have the new descriptor
Gabor_LPQ_LDApca. This performs much better than the other combinations, when
used with the three ‘“nearest-neighbors” classifier, and achieves the highest
identification score. Whereas, lower performance is obtained and too much
computing time is consumed by the same descriptor with a radial basis kernel
function (Rbf) based SVM classifier.

The curves in the Fig. 5 express the recognition rates with different training set sizes.
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Fig. 5. Average rates of NEU Database defect recognition

It shows that with the proposed approach the result grows rapidly when the number of
training images increases. Even with a training set selected from the whole used



dataset (1800 images) and with a minimum size, more than 90% of the defects of the
test images are correctly identified.

4.4 Previous works

The achievement of high rates in defect classification depends on many conditions.
The performance of the used image acquisition equipment, the image quality and
particularly the implemented software should help in overcoming the constraints
related to the type and complexity of the considered defects. In this sub-section, we
show (Table 3) the proposed approach outperforming some similar works that have
used the same defect database, and the same size of the training set (50%).

A remark that is worth making, the rate of our algorithm is slightly lower than the one
of the first line, in Table 3. This may be explained by the fact that this latter uses
filters that are prelearnt from natural images bringing, thus, additional information.
Whereas in our study, the information is gathered, exclusively, from the processed
defect image. However, the result of our proposed approach is achieved with a much
shorter feature vector. As shown, a raw feature vector of 2048 elements versus 4096
with the BSIF method.

Table 3. Recognition rates of NEU database Defects in some previous works.

Work Ref. Features Descriptor Classifier Results (%)
A. Moussaoui ' BSIF_LDA KNN 99.18+0.30
Kenchen S.”*7 SCN SVM 98.60+0.59
M. W. Ashour "  DST-GLCM SVM 94.11

Li Yi B CNN CNN 99.05

Kenchen S. B! AECLBP SVM 98.93+0.63
Kenchen S. ! CLBP SVM 98.28+0.51
Proposed algorithm GW_LPQ_LDA KNN 99.12+0.29

4.5 Processing time computation

The lasting time of the main tasks (feature extraction, data projection and
classification) is computed to appreciate the approach suitability for an industrial
application,. The results, in table 4, represent the average value of several trials of
time computation related to all defect classes and to more than one defect by class.
This calculation is carried out on a machine endowed with an Intel i5-4590S CPU,
3.00 GHz, and 8 MB of dual channel memory, and a particular care has been paid to
the code organization. As reviewed in the literature [2], the image processing time
varies from 7 to 178 ms for process speed around 2 to 100 m/s. So we consider
interesting, the time cost of our proposed approach, evaluated at 64,136ms/image.
Obviously this time could be reduced with the use of specialized equipment.



Table 4. Average time per defect sample from NEU database.

. Time per Surface defect sample (ms) Average
Processing task .
Cr In PS Pa RS SC time (T)
Filtering
operation 64,333 63,600 63,433 64200 64,467 63,533 63,928

Projection 0,029 0,029 0,030 0,029 0,030 0,030 0,030
Classification 0,178 0,179 0,179 0,178 0,180 0,179 0,179
Total 64,541 63,808 63,642 64,407 64,677 63,742 64,136

5 Conclusion

The surface defect images of steel products are characterized by abrupt and random
changes. They can also present other artifacts such as the blur. In this paper, we have
proposed a new description of these images based on Gabor wavelets and the phase
quantization technique. The approach has been evaluated using the NEU published
dataset and our RC_DDB dataset. The two techniques have been applied successively
to flaw images to capture changes in structures of different sizes and orientations and
to use the non-blurred information. This made it possible to overcome constraints as
inter-group similarities and intra-group differences of the different defect classes, and
to perform consistently better than the other combinations. With the “nearest
neighbors” classifier, the constructed discriminant defect image descriptors allow the
achievement of the best classification rates with a much shorter feature vector
compared to other methods. The obtained reduced standard deviation confirms the
method robustness. Future works may focus on the application of other innovative
methods and the recognition of the defects of other type of products, to provide
suitable product quality-monitoring solutions.
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