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HEJIHIMHUN TNHAMIYHUN AHAJII3 TEKCTYPHUX 3MIH
HEPIBHOCTEM 3BAPIOBAHHS

Purpose. Owing to its diversity, the texton of weld image is not very salient, and weld defects are difficult to
detect automatically. The goal of this work is to identify the weld image texture change for such flaw detection and
to determine the optimal number of elements, in particular, in a chaotic dynamic mode.

Methodology. The texture is characterized by the approximate entropy, which is calculated in phase space. The
time series are reconstructed with the entropy of sub-image values for choosing the proper texture parameters. Ap-
plying the chaotic theory, we proposed the abrupt texture change area detection method.

Findings. We first get the approximate entropy in phase space, and then by using the abrupt texture change area
detection method, we obtained the abrupt texture change area.

Originality. We pursued a study of the abrupt texture change area. We discussed a reconstruction of the prin-
ciple of time series, approximate entropy mutation threshold determination. The research on this aspect has not

been conducted before.

Practical value. In practice, it is essential to reconstruct the time series with the entropy of sub-image values in a first
step, these results of approximate entropy in phase space are much more accurate within abrupt texture change areas.
Keywords: rexton, texture change, chaotic dynamic mode, approximate entropy, time series, sub-image values

Introduction. Quality monitoring and controlling
in weld defects detection, especially electric arc and
welding process stability analysis and evaluation, is an
important factor in achieving higher productivity, lower
cost and greater reliability of the welded equipment. Tex-
tural patterns can often be used to recognize familiar ob-
jects in an image or to retrieve images with similar tex-
ture from a database. Texture patterns can provide sig-
nificance and abundance of texture and shape informa-
tion. Literature depicts that previous work has been ex-
plored in huge amount on various aspects of modelling,
simulation and process optimization in image texture.

Four technical components to improve graph cut
based algorithms are combining both colour and tex-
ture information for graph cut, including structure ten-
sors in the graph cut model, incorporating active con-
tours into the segmentation process, and using a “soft-
brush” tool to impose soft constraints to refine prob-
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Iematic boundaries by Zhou [1]. The integration of
these components provides an interactive segmenta-
tion method that overcomes the difficulties of previous
segmentation algorithms in handling images contain-
ing textures or low contrast boundaries and producing
a smooth and accurate segmentation boundary.

Asha V. proposed a new machine vision algorithm
for automatic defect detection on patterned textures
with the help of texture-periodicity and the Jensen-
Shannon Divergence, which is a symmetrized and
smoothed version of the Kullback-Leibler Divergence
[2]. In order to determine the texture periodicity, the
texture element size and further characteristics like the
area of the basin of attraction in the case of computing
the similarity of a test image patch with a reference,
the presented method is proposed by Stiibl G. with the
properties of a novel metric, the so-called discrepancy
norm [3]. Due to the monotonicity and Lipschitz
property the discrepancy norm distinguishes itself
from other metrics by well-formed and stable conver-
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gence areas. Considering the multi-scalar information
in both vertical and lateral directions, a multi-resolu-
tion fuzzy Markov random field model for a variable
scale in the wavelet domain is proposed by Chen [4].
The feature field of the scalable wavelet coefficients
is modelled, combined with the fuzzy label field de-
scribing the spatially constrained correlations between
neighbourhood features to achieve more accurate pa-
rameter estimation. Spampinato, C., S. Palazzo, et al.
presented a kernel density estimation method which
models background and foreground by exploiting tex-
tons to describe textures within small and low con-
trasted areas. Being compared to other texture descrip-
tors, namely, local binary pattern (LBP) and scale in-
variant local ternary pattern (SILTP), they showed
improved performance [5]. Kennel P., Fiorio C.,
Borne F. proposed a simple and efficient texture-based
algorithm for image segmentation [6]. This method
constitutes computing textons and bag of words
(BOWs) learned by support vector machine (SVM)
classifiers. Textons are composed of local magnitude
coefficients that arise from the Q-Shift Dual-Tree
Complex Wavelet Transform (DT-CWT) combined
with colour components. Basha S.R., Reddy P. K. K.
present paper divides the 3 x 3 neighbourhood into
two different 2 x 2 neighbourhood grids each consist-
ing of four pixels. On these 2 x 2 grids shape descriptor
indexes (SDI) are evaluated separately and added to
form a Total Shape Descriptor Index Image (TSDI)
[7]. By deriving textons on TSDI image Total Texton
Shape Matrix (TTSM) image is formed and Grey Lev-
el Co-Occurrence Matrix (GLCM) parameters are
derived on it for efficient texture discrimination.
There have been, above all, no definitive character-
istics of the complexity of weld defects. As a matter of
fact, flaw detection is a so much complicated phenom-
enon that its nonlinear nature, i. e. its chaotic state, has
been revealed quite recently. Generally speaking, in
accordance with the nonlinear dynamics theory, for
the purpose of studying a chaotic system, calculation
of such characteristic parameters as Lyapunov expo-
nent, correlation dimension, Kolmogorov entropy,
etc., often requires a large number of data. Since the
pioneering work of Lorenz in 1963, nonlinear dynami-
cal theory has attracted a great deal of attention in the
engineering society, including atmospheric studies,
medicine and engineering. However, there are only
few studies to our knowledge which focus on the flaw
detection process stability from the viewpoint of cha-
os, especially the ApEn of welding image signals. Be-
cause of the nonlinear character of a welding image
signal, the ApEn can be used as a powerful tool in the
study of weld flaw detection. The present paper is
mainly devoted to the problem of exploring arc and
process stability in weld flaw detection by virtue of the
chaotic parameter, ApEn. In particular, the goal of the
paper is to attempt to propose a new numerical stan-
dard to accurately quantify and evaluate the arc and
welding process stability in weld flaw detection.
Chaotic dynamic technologies. Image characteris-
tic. An important approach to an area description is to
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quantify its texture content. The three principal ap-
proaches used in image processing to describe the tex-
ture of an area are contrast, entropy, uniformity (also
called energy). One of the simplest approaches for de-
scribing texture is to use statistical moments of the in-
tensity histogram of a welding image. Let p(z;), /=0,
1,..., L — 1, denote the values of all possible intensities
in a M x N digital image. The probability, p(z;), of in-
tensity level occurring in a given image is estimated as

nl
MxN'

Where n, is the number of times that intensity occurs
in the image and M x N is the total number of pixels.
Clearly,

p(z,)= (1)

L-1

p(Z,)=1. )

1=0

A measure of “uniformity”, given by
W, =gp(z,)p(z,), (3)
and the average entropy measure is defined as
W, =—gp(2,)logzp(zz)‘ 4

The measure W) is maximum for an image in
which all intensity levels are equal. Entropy is a mea-
sure of variability and is 0 for a constant image. Then,
a measure of intensity contrast W, can be written as

W,=Y p(Z,)*I+1. (5)

The Definition and algorithm of ApEn. For a bet-
ter grasping of the ApEn, the definition of ApEn along
with its computing procedure is described by Pincus as
follows.

Step 1: Form a time series of data

e(1), €(2), ..., e(N),

given N raw data values from measurements equally
spaced in time.

Step 2: Fix m, an integer, and r, a positive real
number. The value of m represents the length of com-
pared runs (a window), and r effectively represents a
filter.

Step 3: Form a sequence of vectors y(1), y(2),...,
y(N) in R™, real m-dimensional space, by

y(i) =[e(1), &2), ..., e(i + (m = 1))]. (6)

Step 4: Use the sequence y(1), y(2),..., y(N),if 1 £
<i<N+m—1,define C""(r)=[number of y(i) so that

[dy (D), y()) <rl/(N-m+1). (7)
We must define d; for vectors y(i) and y(j).
dyj=maxle(i+k-1)—e(j+k—1)|, (8)
fork=1,2,..., m.
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d represents the distance between the vectors y(7)
and y(j), given by the maximum of their respective
scalar components.

Step 5: Take the natural logarithm of each C"*' (r)
and average it over ¢”'(r), define ¢”(r) as

g=1/(N-m+1); ©)
0" (r)=q f InC/"(r). (10)

i=1
Step 6 (ApEn): Fix m and rin Eq 3; defined
ApEn(m, r) = ¢"(r) - ¢" (1), (11)

for m and r fixed as in Step 2.

Obviously, the value of the estimate depends on m
and r. As suggested by Pincus, m can be taken as 2 and
ras (0.1-0.25) SD, where SD is the standard deviation
from the original data sequence I'(#n)

Calculating the approximate entropy in phase space.

Step 1: Reconstruct I'(n) as L-dimensional of
phase space with the data f(#).

L) =G+ 1), (0 +2),...f(i + L)}
i=L,L+1,.,N-L-1,L=100.  (12)

Step 2: Calculate the ApEn value of I'(n), n = 1,
2,..., L.

Step 3:1f i< N— L — 1, return back to Step 1.

The abrupt texture change detection method.

Step 1: Crop a weld image in NV equal of sub-images
N
with column, and mark the sub-images as U(pi.
i=1

Step 2: Calculating image entropy of each sub-im-

N N
age Uoc,. and Uoc,. is written as series A.

i=1 i=1

Step 3: Calculating the approximate entropy of se-

N
ries A in phase space, and the results marked as UBi.
i=1
Step 4: Mutation identifier with p(i), i € [1, N] ac-
cording to (10).
Define the abrupt Ap En condition

i>L/2
0=18,>02,p.,,<02; (13)
Jj<L/2
1 0
)= . 14
p(0) {0 other (14)

Results. In order to investigate the effect of the
proposed approach, a weld image was selected to build
our test set, see in Fig. 1. By cropping the welding im-
age in n sub-images and calculating image entropy for
each sub-image, we improve our chance to have better
results compared to applying the approximate entropy
in phase space methods. In conducted experiments we
heuristically set # = 800.

For the purpose of evaluating texture change, we
analysed Fig. 1 with eight pairs: (0, 100), (100, 200),
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Fig. 1. The weld image

(200, 300), (300, 400), (400, 500), (500, 600), (600,
700), and (700, 800).

The time series is reconstructed with the entropy
values, which is shown in Fig. 2, a. There is no signifi-
cant correlation between the texture direction of a
weld image and sub-image entropy values, which is
shown in Fig. 2, a. The Ap En values which are calcu-
lated with the approximate entropy in phase space, are
shown in Fig. 2, 5. Obviously, the Ap En values char-
acterize the abrupt texture change.

According to Eq. 14 calculation was done to achieve
segmentation of the abrupt texture area, which was
consistent with the original image, see Fig. 2, c.

The abrupt texture change detection is to accurate-
ly identify the texture distortion area.

Discussion and conclusion. The other approxi-
mate entropy image feature extraction as follows. A new
time series is reconstructed with the energy values,
which is shown in Fig. 3, a. However, there was no ap-
parent association between the texture change of weld
image and sub-image energy values. The Ap En values
are calculated with the approximate entropy in phase
space, which is shown in Fig. 3, b. It is clear that the
ApEn values cannot characterize the abrupt texture
change. According to Eq. 14 calculation was done to
achieve segmentation of the abrupt texture area, which
was not consistent with the original image, see Fig. 3, c.

Similarly, the new time series is reconstructed with
the contrast values, which is shown in Fig. 4, a.
Weather being related party or not, the texture direc-
tion of weld image and sub-image contrast value are of
little significant difference. The Ap En values are cal-
culated with the approximate entropy in phase space,
which is shown in Fig. 4, b. Apparently, the Ap En val-
ues cannot characterize the abrupt texture change.

According to Eq. 14 calculation was done to achieve
segmentation of the abrupt texture area, which was not
consistent with the original image, see Fig. 4, c.
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Fig. 2. The abrupt texture change detection pro-
cess based on sub-image entropy values:
a — the time series was reconstructed with sub-imag-
es entropy value; b — the value of approximate en-
tropy in phase space; ¢ — identification of the area
abrupt texture change
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Fig. 3. The abrupt texture change detection pro-
cess based on sub-image energy values:
a — the time series with image energy; b — the value
of approximate entropy in phase space; ¢ — identify-
ing the area of abrupt texture change
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Fig. 4. The abrupt texture change detection pro-
cess based on sub-image contrast values (a)
The original image:

a — the time series with image contrast; b — the value
of approximate entropy in phase space; ¢ — identify-
ing the area of abrupt texture change

In this paper, the abrupt texture change detection
method has been introduced. It is important to re-
construct time series. The algorithm that defines
ApEn does not only allow one to distinguish between
such obviously different series but also to determine
subtler differences in regularity. More accurately, us-
ing the property of Ap En which can give the robust
estimate from short data and is attractive to dynamic
analysis, we have shown that the welding image Ap En
is significantly correlated with the texture change and
the welding process stabilities. To sum up, the calcu-
lating of the approximate entropy of image entropy in
phase space has huge potential utility to analyse the
welding process stabilities due to its salient features. It
can be concluded that the less value the image entro-
py in phase space reaches and the smaller one the os-
cillation amplitude (ApEn) attains, the more stable
the arc and the welding process will be. So the ap-
proximate entropy of image entropy in phase space
gives large opportunities for the quantifying and
monitoring of the weld and the welding process sta-
bilities.
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MeTta. 3aBIsIK1 CBOEMY Pi3HOMAHITTIO, TEKCTOH
3BapIOBAJILHOTO 300pakeHHsI Majio MOMITHUM, i ne-
dexTn 3BaplOBaHHSI BaXKO BUSIBUTU aBTOMATUYHO.
Mertoto gaHoi poOOTH € BU3HAUYEHHSI TEKCTYPHUX
3MiH 300pakeHHS 3BapIOBAJIBHOTO IIIBA 3aUIST 3HAXO-
IKeHHS neeKTiB 3BaplOBaHHS Ta BUSHAYCHHS OITTH -
MAaJIbHOTO YHCJIa eJIEMEHTIB, 30KpeMa, Y XaOTUIHOMY
NUHAMIYHOMY PEXUMi.

Metoauka. TekcTypa XxapaKTepu3yeEThCsl EHTPO-
Mi€0 MOAIOHOCTI, 110 PO3paxOBYETLCS Yy (pa3oBOMY
npocTopi. YacoBi psaay peKOHCTPYIOIOThCS 3 €HTPO-
Mi€ro 3HaUeHb cy0300pakeHb AJ1s1 BUOOPY 3 BiATOBIi-
HUX TTapaMeTpiB TEKCTYypU. 3aCTOCOBYIOUM XaOTUUHY
TeOopilo, MM 3allpOIIOHYBAJIM METOJ TIOIIYKYy 30HU
Pi3KMX TEKCTYPHUX 3MiH.

Pesynsratii. CioyaTky MU OTPUMYEMO EHTPOITiIO
nomioHoCTI y (pa3oBOMY ITPOCTOPI, a MOTIM, 3a JTOTTIOMO-
TO0 METOMA TTOIIYKY 30HU 3MiH TeKCTYPH HEPiBHOCTEIA,
MU 3HAaXOAMMO 00JIaCTb 3MiH BiAIIOBIAHOI TEKCTYPU.

HayxkoBa wHoBu3Ha. HamMu npoBeneHe nocii-
JIKEHHST 00JIacTi pi3KUX TEKCTYPHUX 3MiH. Po3misiHy-
Ta PEKOHCTPYKIIisl IPUHILIMITY YaCOBUX PSIIiB, EHTPO-
Mist TTOAiOHOCTI BUBHAYEHHS TTOPOTY MyTallii.

IMpakTnyna 3HayumicTb. Ha npakTuiti, Moxiu-
BO PEKOHCTPYIOBAaTH YacOBi PSiIM 3 €HTPOITIEI0 3HA-
yeHb cy0300pakeHb Ha MePIIOMY eTarli, 11i pe3yJIbTaTu
HabaraTo OUTbLI TOYHI B 30H1 Pi3KHUX TEKCTYPHUX 3MiH.
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KurouoBi cioBa: mexcmoH, 3mMiHa mekcmypu,
XAOMUMHUI OUHAMIMHULL pedcumM, eHmponis noodi-
O6HOCmi, uacoai psidu, 3nauenHs cyb300padicets

Ilenn. binaromapsi cBoeMy pa3zHOOOpa3uio, TEK-
CTOH CBapOYHOTI0 N300pakeHMUs MaJo 3aMeTeH, U -
¢ eKThI CBapKU TPYAHO OOHAPYKUTh aBTOMAaTUYECKM.
Lenb naHHO# pabOThI 3aKJlOUaeTCsl B ONpeaeaeHUn
TeKCTYPHBIX M3MEHEHUI Uu300paXkeHUsl CBapHOIO
1IBa 151 OOHapykeHus1 nedeKTOB CBAPKU U OIpeae-
JIEHUU ONTUMAJbHOIO YMCJIa 3J€MEHTOB, B YaCTHO-
CTU, B XaOTUYHOM JMHAMUYECKOM pexXume.

Metoauka. TekcTypa XxapakKTepusyeTcsi dHTPO-
nueit momnoodusi, KoTopasi pacCUMThIBaeTCs B (ha30BOM
npocTpaHCcTBe. BpeMeHHbIe psiibl pEKOHCTPYUPYIOT-
Cs1 C DHTpOMNMUEH 3HAYCHUI CyOn300pakeHU 151 BbI-
0opa M3 COOTBETCTBYIOILIMX MAapaMETPOB TEKCTYPHI.
IIpuMeHsIsT XaOTUUECKYIO TEOPUIO, Mbl TPEMIOXUINA
METOJ1, TOMCKA 30HbI PE3KUX TEKCTYPHBIX UBMEHEHMUIA.

PesyabraTsl. CHavyaga Mbl OJIyYaeM SHTPOIIUIO
noaooust B ¢ha30BOM IMPOCTPAHCTBE, a 3aTeM, C I10-

Changjiu Pu,
Fei Hu,
Jie Long

MOIIbIO METOMA MOUCKA 30HBI UBMEHEHUI TEKCTYPbI
HEPOBHOCTEH, Mbl HAXOAUM 00JIaCTh U3MEHEHMUST CO-
OTBETCTBYIOIIIEI TEKCTYPHI.

Hayunas noBuzna. Hamu nipoBeneHo uccieno-
BaHME OOJAaCTU PEe3KUX TEKCTYPHBIX W3MEHEHUIA.
PaccMoTpeHa pekOHCTPYKIIMSI TIPUHLIMIIA BPEMEH-
HBIX PSIZIOB, DHTPOTUSI MOAO0OUST OMpeneIeHUs TOPO-
ra MyTaluu.

IIpakTuyeckas 3HaumMocTh. Ha mipakTuke,
BO3MOXHO DPEKOHCTPYUPOBATh BPEMEHHBIE PSIIbI C
9HTpoNuel 3HaUeHU cyOu3o0paKeHuid Ha epBOM
9Tare, 3TU pe3yabTaTbl HAMHOTO 00Jiee TOUHBI B 30HE
PE3KUX TEKCTYPHBIX U3BMEHEHUIA.

KiroueBsble cioBa: mekcmon, UsMeHeHue mex-
cmypbul, Xaomu4eckKuil OUHaAMUHECKUL PedcUM, IH-
mponust no0obus, 8pemeHHbvle psidbl, 3HAYEeHUsL CY-
buzobpaxcenuil
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AN IMAGE COPYRIGHT PROTECTION AND TAMPERING
DETECTION SCHEME BASED ON DEEP LEARNING
AND MEMRISTOR
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YyHunHCHKMIT yHiBepcUTeT ocBiTH, YyHuuH, Kurtai

CXEMA 3AXNCTY ABTOPCBKUX IIPAB I BUABJIEHHA
DPAJITBCUDPIKAIIIT 30BPAXKKEHb HA OCHOBI INTMBMHHOT'O
HABYAHHA TA MEMPUCTOPA

Purpose. In order to improve the effect of image copyright protection and detect whether an image is tam-
pered illegally, we introduce an image copyright protection and tampering detection scheme of ROI (Region of
interest) image based on image feature sequence in NROI (Non Region of interest) image. We have evaluated this
scheme with some performance measures and the results show it is effective.

Methodology. We formulate the scheme using the copyright watermarking and the fragile watermarking. With the
deep learning, memristor chaos, Arnold transform and extend zigzag transform, the watermarkings are generated and
embedded into ROI image in DCT (Discrete cosine transform) domain using the feature sequence of NROI image.

Findings. We first completed the division of ROI and NROI image and get the feature sequence of NROI im-
age using deep learning and memristor chaos. Then by using the sequence and some methods such as Arnold
transform, we obtained the scrambling copyright watermarking and the new fragile watermarking of each image
grouping and embedded them into ROI image.

Originality. We realize the extraction of image feature sequence in NROI image using deep learning and
memristor chaos. It is applied to generate and embed the scrambling copyright watermarking and the new fragile
watermarking into ROI image. The research on this aspect has not been found at present.

Practical value. We have completed some validation experiments with some performance measures. The results
show it can completely satisfy the need of secure transmission. This scheme features strong robustness and security.

Keywords: image feature, image protection, tampering detection, copyright, memristor, deep learning
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