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Abstract

An experimental platform accompanying with the improved Roberts algorithm has been devel-
oped to achieve accurate and real-time edge detection of surface defects on heavy rails. Detection re-
sults of scratching defects show that the improved Roberts operator can attain accurate positioning to
defect contour and get complete edge information. Meanwhile, a decreasing amount of interference
noises as well as more precise characteristic parameters of the extracted defects can also be con-
firmed for the improved algorithm. Furthermore, the BP neural network adopted for defects classifi-
cation with the improved Roberts operator can obtain the target training precision with 98 iterative
steps and time of 2s while that of traditional Roberts operator is 118 steps and 4s. Finally, an en-
hanced defects identification rate of 13.33% has also been confirmed after the Roberts operator is
improved. The proposed detecting platform will be positive in producing high-quality heavy rails and

guaranteeing the national transportation safety.
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0 Introduction

Recent years have seen rapid development of
high-speed rail network, which are putting more de-
mand on the quality of heavy rails. Accordingly, the
accurate and real-time detection of surface defects on
heavy rails among their productive process can play a
significant role in improving the track quality and guar-
anteeing the national transportation safety. Yet, nu-
merous methods about the defects detection on surfaces
of heavy rails have been developed among many walks
of researchers. Oregui, et al. have detected damaged
conditions in railway tracks by applying a statistical
method based on the frequency response function in
combination with non-destructive field hammer test

1
measurements[ J .

Mariani, et al. have developed a
prototype by using an ultrasonic air-coupled guided
wave signal generation and air-coupled signal for high-
speed and non-contact rail defect detection'”’. Anti-
pov, et al. have adopted a magnetic flux leakage

(MFL) method by considering the limiting detection

depth of the defects on the railway surface to realize
nondestructive detection, which must be equipped with

) Popovic, et al. have al-

a costy magnetizing system
so investigated the defects of railways by using the vis-
ual inspection as well as the eddy current testing'*'.
Nevertheless, the statistical and visual method for de-
fects detection must mainly rely on the experience of
technicians leading to a low detection accuracy and low
productivity. Meanwhile, non-contact ultrasonic guided
wave inspection of rails requires a specialized filtering
approach based on an electrical impedance matching
device, which adds both the costs and complexity con-
cerns for the defects detection. Besides, the MFL
method and the eddy current test are not suitable for
detecting the complicated surfaces especially for the
heavy rails with poor productive surroundings, which
may result in false or even missing detections. Conse-
quently, developing an accurate, facile and rapid
method for detecting the surface defects of heavy rails
is yet a severe challenge.

The machine vision technology, as one the most
promising methods for edge detection, has gained ex-
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tensive attention in various application areas due to its
accurate, real-time and controllable properties>”’.
And also the frequently adopted recognition operators

consist of Roberts'®* | Prewitt''""! 12,13]
[15]

] [
, Canny

Laplacian'"’ and Gaussian'"’ etc. Among these opera-
tors, Roberts operator can approximate the gradient
amplitude by using the difference between the adjacent
pixels at diagonal directions for edge detection leading
to a superior edge detection performance at the horizon-
tal and vertical direction than other operators '®'
which has attained much popularity among various re-
search fields. In Ref. [17], the Roberts algorithm was
adopted to recognize the Persian font with the decrea-
sing calculation and improved detection speed. In
Ref. [ 18 ], Roberts operator was applied to help farm-
ers to identify the degree of crop diseases in agricultur-
al engineering, which can perform well for edge detec-
tion of agricultural crop leaf image. Ref. [ 19] used the
Roberts operator to evaluate the effect of the gas shiel-
ded welding molten pool image edge detection.
Ref. [20] analyzed the frequency features of Roberts
as well as other operators to select the appropriate oper-
ator for detecting edge in medical magnetic resonance
imaging edge processing. However, seldom investiga-
tions on Roberts operator have been reported about the
detection of surface defects for heavy rails despite the
above mentioned application fields.

Additionally, Roberts operator can just detect the
gradient magnitude via the diagonal adjacent pixels
without consideration of the horizontal and vertical ad-
jacent pixels, which might negatively affect its detec-
tion effect. Meanwhile, the discontinuous and missing
object contour edges can also be found for its sensitivity
to noise interference. To overcome the weak points of
the gradient amplitude calculation for traditional Ro-
berts algorithm, a new method to determine the pixel
gradient magnitude by calculating the first order partial
derivative of a finite-difference gradient amplitude with
the adding vertical and horizontal adjacent pixels is
proposed in this work. This method takes into account
the accurate positioning for edge gradient magnitude
calculation as well as the noise suppression require-
ments, which can make the edge detection more accu-
rate. Meanwhile, an experimental platform for detec-
ting the surface defects of heavy rails has also been set
up to evaluate the detection effect with the improved
Roberts operator.

1 Edge detection algorithm

Edge detection algorithm with typical Roberts op-
erator can approximately calculate the gradient ampli-

tude by applying the difference between adjacent pixels
at the diagonal directions. Meanwhile, the finite differ-
ence between a pair of vertical directions can be regar-
ded as an approximate solution of the gradient when
processing the image pixels'”"'. Therefore, its gradient
magnitude M, can be firstly calculated by the finite-
difference method. Then, the approximate continuous
gradient amplitude value M,(m, n) of the Roberts op-
erator at the finite difference point (m +1/2, n +1/2)
can be obtained by differential calculation. Mean-
while, M, (m, n) can be compared with the setting
gray threshold G, to distinguish the pixel point (m,
n). f My(m, n) >G,, the pixel point (m, n) can
be judged as the edge point. Otherwise, it is not the
edge point.

However, the edge detection with the Roberts op-
erator only considers 4 pieces of pixel information at
the diagonal direction while ignoring the horizontal and
vertical pixels. The algorithm is unable to detect the
local edge of the gray value with slow change among
the horizontal or vertical adjacent pixels. Moreover,
the Roberts operator cannot effectively suppress the
noise for its sensitivity to noise interference, which
might count for the discontinuous and missing object
contour edges of the defects images on heavy rails.

Based on the pixel information at the diagonal di-
rection, this work develops an improved Roberts opera-
tor by adding the horizontal and vertical pixels informa-
tion within 8 pixels neighborhood. Then the proposed
Roberts operator can calculate the pixel gradient mag-
nitude by the first order partial derivative of a finite-
difference gradient amplitude with all the adjacent pix-
els. The adding pixels information will make the detec-
ting edge information more comprehensive and the de-
tecting precision more accurate. The finite-difference
with directions of 0°, 45°, 90° and 135° can be re-
spectively described as f, (x, v), fis (%, ¥), foo (%,
y) and f;s(x, v) as follows;.

Solx, y) =t(x=1,y) —t(x+1,y) (1)

Js(x,y) =t(x+1,y=-1) —t(x =1,y +1)

(2)
Joo(x, y) =t(w,y=1) —t(x, y +1)  (3)
fas(a,y) =t(x =1,y -1) —t(x+1,y+1)
(4)
The corresponding convolution operators f,, fis,
Jfoo» f135 can be described in sequence as follows
0 0 O 0 0 1;;0 1 041 0 O
[1 0 —1”0 0 OHO 0 OHO 0 0]
0 0 O 1 0 00 -1 0°'0 O 1
Finally, the approximate gradient amplitude M, of
the improved Roberts algorithm can be described by
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Eq. (5). By comparing M, and G, , the edge point can
be judged.

My =1 foCo, y) T fis(ay ) T+ foo (o, y) |

+1 fias (2, y) | (5)

2 Experimental platform

The experimental platform for detecting surface
defects of heavy rails is shown in Fig. 1, which compri-
ses of the parallel computer system, bracket structures,
imaging system, LED light sources and cable system
etc. The image-forming system with CCD cameras, fil-
ters and lens is fixed on the portal frame, which can
slip along the sliding rail of the platform. The rail sur-
face images extracted from the imaging system can be
transmitted to the parallel computer system. After the

the de-

fects recognition of the heavy rails will be achieved.

image signals being processed and analyzed,

Meanwhile, the detection effect of the improved Ro-
berts operator can also be evaluated by considering the
integrity of edge information as well as the detection
time. Fig.2 exhibits the scratching defect image from

the heavy rails extracted by using the designed detec-

=
I CCDcamcla

ting experimental platform.

Hea\ y rail ﬁD lightsource

Bracket structure

f

Fig.1 The experimental platform for detecting the
surface defects of heavy rails

Fig.2 The extracted scratching defect image from

the heavy rails

Extracting an eligible defect image by the experi-
mental platform is the precondition for the defect detec-

tion and recognition. Hereon, the image signals to
noise rate (ISNR) have been applied to evaluate the
quality of the extracting defect images, which can be
[22]

ISNR _ Dmax B Dmin (6)
"B, -B

where D, and D
and minimum gray values of the defect images, respec-
B,.. and B,
and minimum gray values in the background region out-
side the scratching area. And also Ref. [23] reported
that a qualified defect image can be obtained when IS-
NR >1.8. The grey histogram of the extracted defect

statistical frequency to characterize every

calculated by

are corresponding to the maximum

tively. respectively refer to the maximum

images, as a
appearance of grey value, is shown in Fig. 3. Obvious-

ly, D, and D

max min

can be respectively seen with 169 and
13 in the statistical histogram. Meanwhile, the grey
scattergram in the background area measured for five
times at different positions of the extracted image is de-
o and B respective-
ly with 92. 6 and 18. 2 can be attained after the average

process of the five measurements of the background

picted in Fig. 4, among which B

grey. Then the image signal to noise rate can be calcu-
lated by ISNR = (169 - 13)/(92.6 —18.2) =2.1,
which is larger than 1.8 suggesting a qualified scratc-
hing image extracted via the designed detecting experi-
mental platform.

3 Results and discussion

3.1 Edge detection effect

Influenced by the instability of the rails production
environment as well as the light sources, uneven illu-
mination may be found with the collected scratching

10

Frequency (10°)

0 40 80 120 160
Gray scale

Fig.3 The statistical gray histogram characterizing frequency of

every appearance of grey value on extracted defect image
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Fig.4 The gray scattergram in background area measured for five times at different positions of the extracted defect image

images, which will exert a negative effect on the
coming edge detection and eigenvalue extraction.
Herein, as shown in Fig. 5(a), the imsubtract func-
tion of Matlab has been adopted to weaken the back-
ground interference to the scratching defect, which can
also reduce the effect of asymmetrical illumination on
the defect image. After the background interference is
removed, the edge detection images of the extracted
scratching defects with Roberts operator and improved
Roberts operator are respectively exhibited in Fig.5(b)
and Fig. 5(c). Obviously, the scratching defect edge
image obtained by the improved Roberts operator is
more holonomic and continuous than the edge image
extracted by Roberts operator. And also the extracted
edge information obtained via the improved Roberts op-
erator can be commendably coincide with the shape
characteristics of the scratching defect. Besides, a de-
creasing amount of noise points on edge image can also
be seen clearly with the improved Roberts operator
demonstrating an excellent noise suppression capacity.
As it is well known, the improved Roberts operator can
easily achieve a precise position of the defect and also
extract more accurate characteristic parameters after

(a)

(a) corresponding to the scratching defect image after removing the back-
ground interference. (b) and (c) respectively depicting the edge detec-
tion images with Roberts operator and improved Roberts operator

Fig.5 Edge detection comparison of the extracting

scratching defects
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being added with the horizontal and vertical pixels in-
formation, which can account for its integrated edge
detection as well as the superior ability of noise sup-
pression.

The extracted characteristic parameters of the
scratching defects are important foundation of the iden-
tification and classification of defects. A high recogni-

tion rate of the defect can be got from its accurate char-
acteristic parameters. After the binarization process of
the scratching defect images, the extracted 24 charac-
teristic parameters can be attained. And the extracted
parameters of the defect images with the improved Ro-
berts operator and Roberts operator are exhibited in Ta-
ble 1 and Table 2, respectively.

Table 1  Extracted characteristic parameters of the defect image by using improved Roberts operator
Characteristic Value Characteristic Value Characteristic Value Characteristic Value
Back d Second t
Dispersity 4522 Gray entropy 7.3 ackgroum 0.39 ceond momen 12.47
energy invariants
Rectangle 0.36 Average 57 Backgrour.ld 0.99 Tl‘{ird n}oment 24 8]
degree background gray homogeneity invariants
Back d Fourth nt
Aspect ratio 0.05 ~ CCRerUnCERy g5 Relevance 0.94 ourth momett 24.64
codomain invariants
Back d gr Fifth nt
Average gray 68 e gr(?un gy 17.4 Energy 0.42 l, n{omen 49.4
variance invariants
Back d Sixth t
Gray codomain 140 ackground gray 5.8 Homogeneity 0.99 D‘( rr.lomen 29.1
entropy invariants
Back d First t Seventh t
Gray variance  23.6 ackatotn 0.96 1t momen 5.96 eventh momen 50.15
correlation Invariants invariants
Table 2 Extracted characteristic parameters of the defect image by using Roberts operator
Characteristic Value Characteristic Value Characteristic Value Characteristic Value
Background Second t
Dispersity 5232 Gray entropy 7 ackgroum 0.45 ec.on fnomen 12.47
energy invariants
Aver: Back d Third t
Rectangle degree  0.39 verage 59 acketoun 0.98 re momen 24.82
background gray homogeneity invariants
Back d Fourth t
Aspect ratio 0.05 acketoun ) gy 159 Relevance 0.92 Ol.lr r.nomen 24.64
codomain invariants
Background gre Fifth nt
Average gray 70 e gl(?un gy 18 Energy 0.45 l, n{omen 49.44
variance invariants
Back d Sixth t
Gray codomain 144 Ackerotnd gray 6 Homogeneity 0.98 D‘g @omen 30.9
entropy invariants
Back d First t Seventh t
Gray variance 24 ackatoun 0.95 1t momen 5.99 eventh momen 50.19
correlation invariants invariants
Layer
3.2 Neural network classification Input 5~ Output
To realize rapid and accurate classification of the /"‘ S “la@e
extracted defects on heavy rails, a BP neural network 24 b R
15 4

with the ability of self-learning and self-organization
has been applied for defects identification and classifi-
cation. As shown in Fig. 6, the BP neural network is
designed with 24 characteristic parameters in the input
layer, 4 identification parameters in an output layer
and also two hidden layers respectively with 15 and 4
neurons.

30 sets of the scratching defects images are ob-
tained by the detecting experimental platform. After the

Fig.6 BP neural network image with 24 characteristic parame-
ters in the input layer, 4 identification parameters in an
output layer and also two hidden layers respectively with
15 and 4 neurons

pretreatment, edge detection and characteristic param-
eters extraction of the defect images, 15 groups of
characteristics can be elected as the training specimens
and the others as the testing specimens. Meanwhile,



212

HIGH TECHNOLOGY LETTERSIVol. 22 No. 2| June 2016

the BP neural network is simulated by Matlab, among
which the minimum mean square error is set as 0.01,
the maximum training frequency as 500 and the learn-
ing step as 0. 15. When the mean square error falls be-
low 0.01 or the training step reach to 500, the iterative
will closure and the system will be convergent immedi-
ately. Fig.7(a) exhibits the BP neural network train-
ing curve for defects edge detection with the inputting
characteristic parameters extracted by using Roberts
operator. Clearly, the mean square error can reach to
the optimal training precision of 0.00903 with 118

10°
Ostep 118 step
=
£ 101
o
B
3
&
g Target value 0.01
() 1()-2 i e »e
= Optimal value 0.00903
Time: 0:00:04
10_3 L 1 L 1 L
0 20 40 60 80 100 120
Step number
@

steps. For the improved Roberts operator in Fig. 7(b) ,
however, the mean square error can get the target pre-
cision less than 0. 01 only with 98 steps. In addition,
the training results through the improved Roberts oper-
ator can achieve the target precision with 2 s, which is
less than Roberts operator for 4 s. Based on the above
analysis, the improved Roberts operator can achieve
the training accuracy with fewer steps and time for its
more accurate characteristic parameters, which can
significantly improve the identification efficiency of the
scratching defects on heavy rails.

10°
. Ostep ——— > 98 step
8 ».»”.""»..»
g 10" &
o
)
|
g
g Target value 0.01
5 TGP - e = - e - e = ]
Optimal value 0.00937
[ Time: | 0:00:02
10.3 1 1 L 1
0 20 40 60 80 100
Step number
(b)

(a) and (b) referring to the BP neural network training curve for defects edge detection with the inputting characteristic

parameters extraced by using Roberts operator and improved Roberts operator, respectively

Fig.7 Defect edge detection results comparison

3.3 Recognition accuracy analysis

The outputting data of the tested specimens with
the inputting characteristics parameters of Roberts op-
erator and the improved Roberts operator after being
processed with BP neural network is listed in Table 3.
The outputting value will be regarded as 1 if it is grea-
ter than 0. 5. Otherwise, it will be ascertained as 0.
The discriminant result with 4 parameters of (0, 1, 0,
0) can be identified as the target defect. Clearly, the
correct distinguishing specimens based on the Roberts
operator and the improved Roberts operator are 12 and
14, respectively. Accordingly, the improved Roberts
operator has got an elevated defect identification rate of
13.33% than the Roberts operator. Based on the
above analysis, the proposed improved Roberts opera-
tor with the adding horizontal and vertical pixels infor-
mation can detect the surface defects on heavy rails

with higher identification rate as well as higher efficien-
cy and accuracy.

4 Conclusion

An experimental platform with improved Roberts
operator has been constructed to detect the surface de-
fects of heavy rails. After the edge detection of the ex-
tracted defect images, the accurate image positioning,
complete edge information and superior noise suppres-
sion capacity can be attained for the adding pixels in-
formation. Meanwhile, the target training precision
with less convergent steps and time can also be ob-
tained owing to the exiracting precise characteristic pa-
rameters of the defects. Besides, an improved defect
identification rate of 13.33% can be finally confirmed
for the improved Roberts operator.
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Table 3 The output data of the tested specimens with the inputting characteristics parameters of Roberts operator
and the improved Roberts operator after BP neural network process
Sample Output value Discriminant . Output value Discriminant
(Roberts operator) result (improved Roberts operator) result
1 (0.0693, 0.9508, 0.0238, 0.0028) (0, 1,0,0) (0.0207, 0.9205, 0.0364, 0.0318) (0, 1,0, 0)
2 (0.1777, 0.9366, 0.0287, 0.0041) (0, 1,0,0) (0.0311, 0.9924, 0.0614, 0.1853) (0, 1,0, 0)
3 (0.9403, 0.0077, 0.0448, 0.0066)  (1,0,0,0) (0.0177, 0.9181, 0.0984, 0.0373) (0,1, 0,0)
4 (0.0883, 0.9058, 0.0241, 0.0217) (0, 1,0,0)  (0.0182, 0.9005, 0.0209, 0.0412) (0, 1,0, 0)
5 (0.0063, 0.9958, 0.1332, 0.0366) (0, 1,0,0) (0.0182, 0.9015, 0.0229, 0.0412) (0, 1,0,0)
6 (0.0101, 0.8936, 0.0171, 0.0077) (0, 1,0,0)  (0.0231, 0.9104, 0.0864, 0.0247) (0, 1,0,0)
7 (0.0729, 0.9444, 0.0315, 0.0153) (0, 1,0,0)  (0.9821, 0.0344, 0.1548, 0.1306) (1,0, 0, 0)
8 (0.1483, 0.9785, 0.0263, 0.0138) (0, 1,0,0) (0.0278, 0.9588, 0.1503, 0.1418) (0, 1,0, 0)
9 (0.9624, 0.0852, 0.0172, 0.0033) (1,0,0,0)  (0.0335, 0.9721, 0.0498, 0.1523) (0, 1,0, 0)
10 (0.1966, 0.9645, 0.0259, 0.0046) (0, 1,0,0)  (0.0307, 0.9161, 0.3316, 0.0762) (0, 1,0, 0)
11 (0.1891, 0.9985, 0.0088, 0.0549) (0, 1,0,0) (0.0254, 0.9933, 0.0425, 0.1507) (0, 1,0,0)
12 (0.0003, 0.9479, 0.0287, 0.0125) (0, 1,0,0)  (0.1369, 0.8928, 0.0867, 0.0009) (0, 1,0,0)
13 (0.0148, 0.9009, 0.0291, 0.0165) (0, 1,0,0) (0.0712, 0.9307, 0.0606, 0.0455) (0, 1,0, 0)
14 (0.9727, 0.0788, 0.0308, 0.0895) (1,0,0,0) (0.0382, 0.8728, 0.1961, 0.0157) (0, 1,0,0)
15 (0.0148, 0.9967, 0.0036, 0.0508) (0, 1,0,0) (0.0981, 0.9701, 0.1219, 0.0038) (0,1, 0,0)
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