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Abstract

Texture analysis and evaluation would help in predicting a component’s functionality. An attempt has been made in
the current research work to explore the texture properties of machined surfaces in detail. Pieces made from milling,
shaping, grinding, EDM, and sandblasting processes are used for texture analysis. The method uses a charge-coupled
device (CCD) camera connected to the vision system to acquire images for texture analysis. The experimental
investigation revealed that texture features extracted from the grey level co-occurrence matrix (GLCM) help study
texture features. The experimental investigation revealed that when distance =1, the classification accuracy was less.
However, the classification accuracy improved when distance =2, but a further increase in the distance would not
significantly improve the classification accuracy. Instead, it would add up to the computational time. Thus, it was
concluded that d=2 gave maximum classification accuracy of 96%.
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1. Introduction

Engineering components are made from various primary and secondary manufacturing processes. Primary processes
include casting, forging, rolling, extrusion, etc. Machining is an example of a secondary manufacturing process. Every
manufacturing process would produce a unique texture. Thus, the texture created from the milling process would differ
from that made from a grinding process. Different engineering applications demand different types of surface textures.
The texture of a machined surface would consist of surface irregularities having a shorter wavelength known as
‘roughness,” a medium wavelength known as ‘waviness,” and a large wavelength known as ‘form error.” Every
engineering application requires specifying both roughness and texture. Thus, in a component’s drawing, mention
would be made of roughness and texture. And the measurement of both surface and roughness would be crucial in any
component inspection. Also, these measurements would help predict the success of the component when it is put into
service. This clearly shows the significance of measuring both the roughness and texture. Many researchers have
contributed methods and techniques for assessing both roughness and texture. The most popular method for measuring
roughness is by contact measurement method. The contact method would be using a diamond stylus to traverse the
surface, which would give accurate results. However, they are slow and can be used in post-process inspection of
surfaces. To overcome these limitations, non-contact methods using electro-optical techniques came into being. These
methods also give accurate readings, but the plans are not widely used in industries. They are mostly restricted to
laboratory environments. Also, the technique is susceptible and cannot be used in industrial environments. An attempt
has been made in the current research work to study the tribological properties of different machined surfaces utilizing
a vision system.

2. Literature review

Many researchers have been working in the area of texture classification. One of the earliest works on Texture reported
was by Julesz (1973). One of the characteristics of image textures is the spatial distribution of grey levels. He used
both first-order and second-order statistics to define the image texture. First-order statistics can be computed from the
image histograms. He concluded that their second-order statistics could not be identical to discriminate between the
two images. These approaches may extract texture features directly from images or sometimes in the spatial frequency
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domain (Van Gool et al. 1985). Smith et al. (1994) have extracted the mean and variance of wavelet subbands used
for texture classification. Ohanian et al. (1992) have studied texture features such as Markov Random Fields, Gabor
multi-channel fields, fractal-based features, and co-occurrence matrix-based features. Grey level co-occurrence matrix
(GLCM)-based texture features were proposed by Haralick (1979). The GLCM measures the image properties of the
second-order statistics. Many research works successfully used GLCM in classifying manufactured products into
Good or defective (*Kiran 2021). The research has reported that the texture features derived from GLCM gave perfect
classification accuracy. GLCM estimates the image properties related to second-order statistics. The method uses an
input image N X N with G gray levels. ® Kiran (2021) explored product inspection using GLCM. In the study, GLCM
was constructed with different distances d=1 and 2. Each space would give four co-occurrence matrices corresponding
to 0°, 459, 90°, and 135° respectively. The research study of surfaces made out of milling, shaping, Grinding, EDM,
and sandblasting was studied. The classification accuracy was good. The autocorrelation function f(x) (Equation 1) is
helpful while assessing the type of texture, such as coarseness or fineness.
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It was observed that the autocorrelation function would drop off slowly in case of coarse textures, whereas it would
drop off quickly in case of smooth surfaces. Many researchers have done comparative studies to evaluate the
performance of different features (Ojala et al. 1996, Reed et al. 1993). Chang et al. (1993) studied tree-structured
wavelet transform for performing texture classification. Manjunath et al. (1995) explored classification schemes using
tree-structured, orthogonal, and biorthogonal Gabor Wavelet transform. They have concluded that Gabor Wavelet
Transform gave excellent classification accuracy among all the studied techniques. Gabor-based texture features were
extracted from the input image (Jain et al. 1991). They concluded that Gabor features have desirable optimality
properties.

The global frequency content of the signal is analyzed by using Fourier transform. Introducing spatial dependency
into Fourier transform would result in window Fourier transform. Window Fourier transform is defined as,

Fo8) = [ fw(x-8)e/2murdy
- (2)

Here, when the window function w(x) becomes, it is called Gabor transform. They defined the Gabor filter as a
Sinusoidal wave, having a specific frequency and orientation (Equation-2)
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In Equation 3, up and ¢ are the frequency and phase of a sinusoidal wave. o, and oy are the sizes of the Gaussian

envelope in the x and y directions. Texture classification is the process of deciding to which class the texture belongs.
Supervised and unsupervised methods do texture classification.

In supervised classification techniques, the number of classes is known in advance. The algorithm tries to assign the
test image to a class by using distance metrics (e.g., Euclidean distance). In unsupervised classification, the algorithm
attempts to extract the classes and then does the classification.

Farrokhnia (1990) studied texture features of painted surfaces. Texture analysis has been studied extensively using
satellite remote sensing images (Rignot et al. 1990). They used image restoration procedures to remove specular noise
in the image. They used grey level co-occurrence matrix methods for computing the texture features from the input
images.

© IEOM Society International 1669



Proceedings of the 7th North American International Conference on Industrial Engineering
and Operations Management, Orlando, Florida, USA, June 12-14, 2022

One research work has reported the analysis of texture features obtained from SAR images (Schistad et al. 1992).
They studied water, urban area, agriculture, and other areas. They used GLCM-based texture features and Markov
random fields (MRF) to classify these images. They identified a maximum classification error of 25% using fractal-
based models. They also reported an error of 6% in MRF images. Du et al. (1990) studied and classified SAR images
using Gabor filters. "Kiran (2021) studied various machined surfaces- milling, grinding, and EDM for roughness
measurements. The research has shown that vision roughness correlated well with the average roughness obtained
from stylus instruments. The accuracy and repeatability of the technique were excellent. The study showed that the
method could be used in 100% inspection of surfaces.

Kiran (1998) and *‘Patel et al. (2020) have investigated surface roughness assessment of machined surfaces using the
co-occurrence matrix method. The above paragraphs clearly show that much work on textures analysis is required in
surface inspection. More understanding of the area of texture would help deliver quality manufactured products. In
this context, the present research assumes special significance.

3. Method

For image acquisition, the present research uses a vision system with a (charge-coupled device) CCD camera.
Advanced image processing cards fitted to the vision system would help quickly process acquired images such as
image quality enhancement, filtering, edge enhancement, etc. Frame grabber connected to the vision system would
help get a digital image. A digital image will have a resolution of 1600 X 1236 pixels. The in-house software developed
using C++ would help compute the texture features, analyze, and classify various textures.

Figure 1. Shaped surface images Figure 2. EDM surface images

Present research work uses specimens made of various manufacturing processes such as shaping (Figure 1), Electric
discharge machining (Figure 2), milling (Figure 3), grinding, Sandblasting (Figure 4), and additive manufacturing.
Table 1 shows a digital image of a sample made from Electron Beam melting (3D printing). Specimens are made from
various manufacturing processes such as milling, shaping, EDM, sandblasting, and grinding with different machining
parameters. The specimen images are classified into the training set and test sets for experimentation. The software
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will be trained using the images from the training set. The robustness of the software is tested by using the images
from the test set.

Figure 3. Milled surface images Figure 4. Sandblasted surface images

Table 1. Digital image of EBM surface image

123 | 245 | 267 | 145 | 127 | 234 | 254
145 | 143 | 165 | 256 | 223 | 265 | 134
147 | 142 | 176 | 189 | 187 | 165 | 190
145 | 178 | 189 | 156 | 178 | 179 | 180
188 | 176 | 185 | 186 | 143 | 146 | 149
154 | 178 | 198 | 245 | 209 | 221 | 267
267 | 121 | 143 | 144 | 156 | 165 | 176
189 | 145 | 154 | 178 | 187 | 190 | 193

4. Results and Discussions

Table 2 shows the co-occurrence matrix of the sandblasted surface image. Table 2(a) shows the 7 X 8 matrix of
numbers. Each element in the matrix represents the number of pixels having a particular set of the spatial arrangement
of grayscale values within the image at a given distance (d=1) and a given angle (0°).
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Table 2. Co-occurrence matrix of the sandblasted surface image

12|18 |4 143 (34 |23
1411310 |5 |2 |26 |34
17 |12 |7 19 |17 |15 |19
14|18 [19 |16]|8 |7 8
18117 |18 |18 | 14|14 | 14
14 |8 |18 |24]|20|22 |27
27112 | 4 14|16 (16 |17
8 |14 |5 8 | 18|19 |13
1719 |6 12 |7 |30 |21
181512 |8 |6 |24 |30
14|14 |9 16 | 14 | 12 | 16
1119 (16 | 14]10]|9 9
1211517 | 141212 |12
1119 (14 202220 |25
20 | 13 | 8 1619 |9 15
9 |12|9 10 | 16 | 7 12
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Figure 5. Cooccurrence matrix Plots for 3D Printed surface images, with (d=2) (a) 0° (b) 45° (¢) 90° (d) 135°
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Figure 6. Cooccurrence matrix Plots for sandblasted surface images, with (d=2) (a) 0° (b) 45° (c) 90° (d) 135°
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Table 3. Feature vector (Milling)

Noaure 1 2 3 4 5 6 7 8 9 10
1 2.96 2.67 297 2.85 2.86 297 297 2.94 2.84 2.94
I 0.19 0.75 0.27 0.35 0.37 0.16 0.15 0.18 0.19 0.16
1 0.95 0.75 0.68 1.07 1.07 0.96 0.97 0.93 0.97 1.07
v 23 245 2.26 1.86 234 2.37 2.75 2.67 2.54 2.56
A% 0.85 091 0.55 0.45 0.43 0.57 0.47 0.55 0.56 0.58
VI 1.95 1.37 1.08 0.95 0.93 0.98 1.17 1.05 1.04 0.97
VII 1.86 1.56 1.38 0.99 0.98 1.37 1.69 1.46 1.35 1.34
VIII 57.0 53.9 51.9 58.6 579 545 51.0 51.7 51.6 53.6
X 231 1.47 0.85 1.37 1.37 0.95 1.38 0.95 0.94 1.37
X 6.50 525 4.27 5.78 5.74 5.87 4.87 4.23 5.63 5.77
X1 0.05 0.08 0.98 0.27 0.16 0.05 0.27 0.25 0.25 0.45
XII 0.67 0.57 0.59 0.67 0.86 0.68 0.58 0.56 0.57 0.66
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Table 4. Feature vector (Shaping)

;C(fmm 1 2 3 4 5 6 7 8 9 10

I 293 2.66 2.94 2.83 2.85 2.78 2.96 2.97 2.80 2.55
I 0.14 0.15 0.05 0.38 0.49 025 0.19 0.16 0.19 0.25
1 0.86 0.75 0.75 1.07 1.05 0.68 0.79 0.69 0.68 114
v 22 275 2.26 1.86 2.34 249 2.53 2.55 2.79 249
v 0.54 0.71 0.67 048 0.49 0.48 0.89 0.77 0.63 0.56
VI 125 1.08 113 0.95 0.97 0.89 127 127 115 0.98
Vil 1.36 1.44 1.38 0.79 0.98 154 1.57 1.38 129 159
VI 53.5 53.4 519 589 568 569 515 526 517 527
X 181 148 0.86 1.65 1.59 0.48 142 0.89 0.77 125
X 5.56 5.26 427 5.60 5.63 5.74 4.49 4.49 5.57 5.55
- 006 007 009 0.59 0.24 0.23 043 0.45 0.26 0.38
X1l 0.66 0.56 0.56 045 0.56 0.49 0.69 037 0.59 0.54

Table 5. Feature vector (EDM)

;C(fmm 1 2 3 4 5 6 7 8 9 10

I 2.94 2.66 2.86 2.70 2.57 2.78 2.96 2.97 2.70 2.65
I 0.20 0.15 017 0.53 0.37 035 0.16 0.17 0.19 035
1 0.84 0.54 0.58 1.06 1.07 0.78 0.79 0.79 0.97 124
v 2.1 2.14 225 1.68 2.37 249 263 2.55 2.57 239
v 0.54 0.52 0.58 0.46 0.65 0.48 0.69 0.67 0.73 0.47
VI 115 127 123 0.95 0.77 0.95 1.06 117 1.04 0.59
Vil 1.34 1.44 1.34 0.97 0.65 136 1.67 1.28 134 1.69
VIl 540 53.4 515 58.6 5738 547 528 50.6 516 547
X 133 1.44 0.59 1.36 1.37 0.97 137 0.79 0.95 145
X 5.40 5.24 427 5.76 573 5.74 487 4.5 5.65 5.55
« 004 015 018 027 0.34 0.06 027 0.55 0.26 0.98
XII 0.66 0.56 0.56 0.66 0.76 0.69 0.57 0.58 0.57 0.94

Table 6. Feature vector (3D Printing)

;C(fmm 1 2 3 4 5 6 7 8 9 10

I 297 2.67 295 2.70 2.85 2.97 278 2.97 2.70 2.75
I 0.13 0.15 017 0.63 0.37 025 027 0.09 0.19 0.05
1 0.75 035 0.75 1.24 126 0.78 0.69 0.79 0.78 107
v 23 255 226 1.87 235 237 253 245 2.49 249
v 0.55 0.57 0.55 0.46 0.75 0.68 0.79 0.57 0.33 0.37
VI 145 127 1.08 0.96 0.87 0.79 117 117 1.06 0.69
VI 176 136 1.65 0.69 0.75 138 157 1.38 137 159
VIl 57.0 55.6 504 57.5 56.8 579 50.8 50.6 517 527
IX 1.61 1.48 0.79 1.65 1.69 0.98 1.42 0.89 0.96 135
X 5.80 527 428 5.49 543 5.89 487 439 5.66 5.55
« 008 004 006 0.39 0.24 0.13 025 035 0.37 0.28
XII 0.58 0.57 0.55 0.68 0.46 0.59 0.58 0.77 0.55 0.54
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Table 7. Feature vector (Sandblasting)

Feature

No. 1 2 3 4 5 6 7 8 9 10
I 2.74 2.66 2.76 2.70 2.67 2.78 278 2.78 2.70 2.75
1 0.13 0.04 0.17 0.63 0.19 0.16 0.17 0.17 0.08 0.25
il 0.84 0.58 0.68 1.08 1.16 0.97 0.89 0.97 0.97 1.05
v 2.02 2.17 2.18 1.85 2.16 237 2.63 2.69 2.57 2.57
A% 0.54 0.54 0.37 0.47 0.35 0.56 0.59 0.57 0.55 0.56
VI 1.07 1.05 1.05 0.94 0.77 0.97 1.07 1.05 1.08 0.97
viI 1.36 1.46 1.37 0.96 0.95 1.36 1.69 1.45 1.37 1.37
VIII 55.5 53.8 51.5 58.5 57.6 54.6 51.9 50.6 51.7 53.5
X 1.34 1.44 0.87 1.38 1.37 0.97 1.37 0.79 0.95 1.37
X 5.56 5.26 4.26 5.79 5.83 5.87 4.86 4.59 5.67 5.79
X1 0.06 0.06 0.06 0.39 0.24 0.05 0.26 0.45 0.25 0.47
X1 0.68 0.57 0.56 0.75 0.56 0.68 0.58 0.67 0.57 0.67
Table 8. Classification Experiment (with d=1)
Training
M S G EDM | SB TP Accuracy Classified as
150 100% M
150 100% S
150 100% G
150 100% EDM
150 100% SB
150 100% TP
Testing
M S G EDM | SB TP Accuracy Classified as
141 2 2 1 94% M
140 2 2 2 93.33% S
142 1 5 94.66% G
143 5 2 95.33% EDM
1 142 4 94.66% SB
6 144 96% TP
Note: Milling (M), Shaping (S), Grinding (G), EDM (EDM), Sandblasting (SB), and 3D Printing (TP)
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Table 9. Classification Experiment (with d=2)

Training
M S G EDM | SB TP Accuracy Classified as
150 100% M
150 100% S
150 100% G
150 100% EDM
150 100% SB
150 100% TP
Testing
M S G EDM | SB TP Accuracy Classified as
143 2 0 1 95.33% M
142 0 4 2 94.66% S
143 2 0 5 95.33% G
144 4 2 96% EDM
1 144 5 96% SB
0 150 100% TP

Note: Milling (M), Shaping (S), Grinding (G), EDM (EDM), Sandblasting (SB), and 3D Printing (TP)
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Table 10. Classification Experiment (with d=3)

Training
M S G EDM | SB TP Accuracy | Classified
as
150 100% M
150 100% S
150 100% G
150 100% EDM
150 100% SB
150 100% TP
Testing
M S G EDM | SB TP Accuracy | Classified
as
143 2 0 1 95.33% M
142 0 4 2 94.66% S
143 2 0 5 95.33% G
144 4 2 96% EDM
1 144 5 96% SB
0 150 100% TP

Note: Milling (M), Shaping (S), Grinding (G), EDM (EDM), Sandblasting (SB), and 3D Printing (TP)

The classification experiment was performed using six types of specimens. The images were classed into training sets
and test sets. Each training set and test set had 150 images. Initially, the software was trained using 150 images, as
shown in Table 8, Table 9, and Table 10, respectively. Once the software is trained, the images from the test sets are
used for classification. Table §, Table 9, and Table 10 respectively show the classification accuracies of the software
for various specimens. What is evident from the above experiment is that classification accuracy got improved when
the distance increased from d= 1 to d=2. However, when the distance is increased from d=2 to d=3, an increase in the
classification accuracy is not significant. Thus d=2 would give the best classification accuracy.

5. Conclusion

The current research has made an effort to perform texture analysis of machined and 3d printed surfaces. GLCM
technique was used for extracting various textures. It was revealed from the experiment the texture values would
depend on the distance and angle metrics used while computing the grey level co-occurrence matrix. The experimental
investigation revealed that when distance =1, the classification accuracy was less. However, the classification accuracy
improved when distance =2, but a further increase in the distance would not significantly improve the classification
accuracy. Instead it would add up to the computational time. Thus, it was concluded that d=2 gave maximum
classification accuracy of 96%.
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