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Abstract- Identification of the machining process producing a specific engineering surface is very important in 
manufacturing facilities. Computer vision has become center-stage in automatic identification of these processes, with 
benefits of man-power reduction as well as the drawbacks of human involvement such as inconsistencies caused by fatigue. 
In this paper, we propose a computer vision framework that takes into consideration workpiece images’ intensity histogram 
and edge features to identify the six machining processes of Grinding, Turning, Horizontal Milling, Vertical Milling, 
Shaping and Lapping. The support vector machine (SVM) classifier is explored with various kernels being investigated. The 
experimental results show that the SVM with the linear kernel using edge feature statistics provides the best performance for 
a dataset that consists of seventy-two workpiece images. 
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I. INTRODUCTION 
 
Automating the process of identifying specific 
machining process involved in the production of 
machined surfaces is very useful for production 
engineers. Image processing (IP) and computer vision 
(CV) are technologies that have recently been 
incorporated into the manufacturing process to 
facilitate quality inspection tasks such as metal 
injection inspection, defects identification as well as 
control process and tool condition monitoring [20]. A 
particular area in IP and CV is the analysis of texture, 
specifically that of machined surfaces. Extraction and 
subsequent analysis of the texture properties from 
workpiece images can be used to realize the 
automation of quality inspection. 
In [20], texture can basically be explained as repeated 
patterns with a set of local attributes that gradually 
differs. Texture variability is present in various 
structures, which defines their roughness, 
smoothness, orientation and regularity/irregularity 
[1]. Depending on the domain under consideration, 
IP/CV-based texture analysis can be used for various 
purposes such as image classification [2, 3], retrieval 
[4], and industrial inspection [5]. 
Provided with the appropriate illumination, image 
processing algorithms can be used to reliably extract 
texture features from images. In [19], several 
machining processes were categorized through edge 
features extraction and analysis. The Wavelet [6, 21, 
22] and Fourier [7] transforms can also be used to 
express texture. In [21 and 22] for instance, wavelet 
features were obtained for the analysis of surface 
roughness. The GLCM (gray-level co-occurrence 
matrix) was used in [23] to identify wear of drilling 
components.  Edge-features combined with image 
histogram information are also useful texture 
features, where the work in [3] for example 

performed machined workpiece classification. Note 
that, all the extracted features are normally put 
through a supervised machine learning classifiers in 
order to perform the final analysis. Some of the 
popular classifier examples are such as the Artificial 
Neural Network (ANN) [3, 7, 10], Support Vector 
Machines (SVM) [3, 12, 17] and Decision Trees [11]. 
In this paper, we propose a framework for the 
classification of machined workpiece surfaces into 
the six classes of Turning, Grinding, Horizontal 
Milling, Vertical Milling, Lapping, and Shaping. The 
features being considered are the gray-level 
histogram and edge feature statistics, combined with 
the supervised SVM. We evaluate the approach via 
average classification accuracy, such as that done in 
[13]. Our data consists of 72 machined surface 
images; each image being from a machining process 
class. We perform also evaluate the performance of 
our proposed framework with that of our previous 
work that utilized an ANN classifier [14]. 
 
II. SUPPORT VECTOR MACHINE 
 
Given{X , Y } = {(x , y ), (x , y ), … , (x , y )}, 
which are a set of labeled training data x  and their 
respective class labels y  (for i = 1, … , n), a 
supervised learning algorithm will discover a function 
f: X → Y that is able to effectively predict, with 
minimal error, future input-output mappings [16]. 
The Support Vector Machine (SVM) is one such 
algorithm, where it is a discriminative learning 
algorithm rooted in statistical learning theory [15, 
24]. The pattern x is represented in a n-dimensional 
space with features	f . The SVM then discovers a 
separating hyperplane in this space, separating the 
features into two distinct classes (ω  and	ω ). The 
iterative process (during training) to discover the 
hyperplane stops when the maximum margin is 
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obtained to nearest training examples (i.e. support 
vectors). In the linear case, this can be illustrated in 
Fig. 1 [25]. 
 

 
(a)                                             (b) 
Fig. 1. (a) An illustration of the iterative process of 
finding the hyperplane, and (b) the separating 
hyperplane is discovered based on the support 
vectors. 
Referring to [17], the SVM’s mathematical 
representation can be written as: 

 
where w is a weight vector and b is a threshold. 
SVMs were initially used for binary classification 
problems. However, linearly non-separable multi-
class tasks can also utilize SVMs through 
transforming the data into a higher-dimensional 
features space and applying the kernel trick. 
 
III. GRAY-LEVEL HISTOGRAM AND EDGE 
FEATURE STATISTICS EXTRACTION 
 
In this work, two features are investigated for the 
classification of machined workpiece images into the 
six classes of Turning, Grinding, Horizontal Milling, 
Vertical Milling, Lapping, and Shaping. They are the 
(i) gray-level histogram, and (ii) edge features 
statistics. 
The gray-level histogram of a 2-dimensional 
grayscale image represents the distribution of gray 
(intensity) values within that image, ranging from 0 
to 255 (or 0 to 1, in case of normalization). A specific 
number of bins is used to indicate the occurrence 
frequency of a particular value. Fig. 2 is an example 
of a histogram that has 256-bins. Note that, the more 
bins being used might be able to represent an image 
better, however, at the cost of increased 
computational time.  In this work, we use 256-bins as 
all necessary gray-level data can be reliably captured. 
Edges exist when rapid intensity changes occur in an 
image. These edges can hence be used to determine 
(and analyze) the texture of a particular surface. In 
this work, the Sobel edge detection algorithm is used 
due to its good performance. Basically, an image I	is 
convolved with a vertical (h ) and horizontal (h ) 
filter. The result of these convolutions are then 
combined into a single Sobel edge-intensity map 
S . A threshold is then empirically determined and 

applied to this map to produce a final edge map [18]. 
The result of applying the Sobel edge detector is 
shown in Fig. 3. 

 
Fig. 2. (a) A grayscale image and (b) the resultant 256-bin 

histogram. The quantized gray level is represented on the 퐱-
axis with the intensity occurrence frequency on the 퐲-axis. 

 

 
Fig. 3. (a) The image 퐈, (b) detected edges of image 퐈 using the 

Sobel edge detector. 
 
IV. DATASET AND IMAGE ACQUISITION 
 
The images considered in this work are produced by 
the six machining processes of Turning, Grinding, 
Horizontal Milling, Vertical Milling, Lapping, and 
Shaping (Fig. 4). Each process is considered to be 
separate classes. From each of the classes, 12-
samples are obtained.  Note that although from the 
same class, each sample has different textural 
variations since different machining parameters are 
used [10]. In all, the dataset being used has 72-sample 
images (i.e. 6-classes x 12-samples per class). Digital 
image acquisition requires each workpiece image to 
be viewed under an powerful optical micros. In this 
work, the Olympus BX51M metallurgical microscope 
was used. A CCD camera then captures the image of 
each workpiece, where it is finally stored in the 
computer as a 1024 × 1280 resolution grayscale 
image. The acquisition process is illustrated 
explained in Fig. 5. 

Fig. 4. The six different machining processes. 
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Fig. 5. The image acquisition process. 

 
V. FEATURE EXTRACTION AND SELECTION 
 
As previously mentioned, the features considered in 
this work are the intensity histogram and edge 
features statistics. Note that, all the captured images 
are contrast adjustment in order to facilitate feature 
extraction.  
Firstly, the 256-bin histogram is generated. This 
results in a 256-dimensional feature vector for each 
image, which can be represented by h , for i =
1, 2, 3, … , 12 (number of samples from each class), 
with n = 1, 2, 3, … , 6 (the number of 
classes/machining process). 
The Sobel edge detection algorithm is then applied on 
each image, producing a 1024 x 1280 edge matrix, 
where the mean and variance are calculated, column-
wise. The mean vector for edge image i of class n (for 
similar values of i and n	as per the histogram) can 
hence be represented as x, whereas the variance 
vector is represented as	s . Both these vectors are 
then concatenated into one (i.e e ), resulting in a final 
vector with a dimension of 2,560 (1280 x 2).  
5.1   Principal Component Analysis  
Principal component analysis (PCA) is technique 
used for dimensionality reduction. PCA is renowned 
for its ability to reduce high-dimensional data while 
retaining the inherent variability of the original data. 
PCA works by transforming the uncorrelated 
principal components into a new set of variables. 
These variables are then ordered so that a majority of 
the original data’s variation is maintained in the first 
few variables. For more detailed explanations of 
PCA, readers can be directed to the works in [7 and 
10]. In this work, applying PCA resulted in 
significant data reduction with each vector brought 
down to a dimension of merely 30 (30 for intensity 
histogram, and 30 for the edge feature statistics). 
 
VI. EXPERIMENTS 
 
Fig. 5 shows the flow of the overall framework. The 
samples are divided into two sets: set-1 for training 
the SVM classifier, and set-2 for testing (both sets 

having equal numbers of samples). Specifically, six 
random samples from each class were used for 
training. 
 

Fig. 6. The overall framework. 
 

We used Platt’s Sequential Minimal Optimization 
(SMO) to train the SVM. For the multi-class 
classification task, the one-versus-one approach is 
chosen. As the SVM is originally meant for two-class 
classification tasks, and the classification task at hand 
is a multi-class problem, for k-classes, k	(k	 − 	1)	/	2 
binary SVMs are trained. During the testing phase, if 
the i-th decision function indicates that a sample is 
classified into the i-th class, then the vote for the i-th 
class increased by one. Otherwise, the i-th vote is 
decreased by one. Ultimately, the class label is 
determined by majority voting. 
 
6.1   Results and Discussion 
We investigated the use of three SVM kernels: (i) 
Linear, (ii) Polynomial and (iii) Radial Basis 
Function (RBF). From the results in Table 1, the 
linear kernel seemed to show the best classification 
accuracy when used with the PCA-reduced histogram 
features. A similar trend is seen in Table 2, where the 
linear kernel performed better than the others when 
coupled with the PCA-reduced edge statistics. 
Between the two features, the edge features seem to 
give superior performance, however not that 
significant (2.8% superior). The graph in in Fig. 7 is 
provided for a better view of the results. 
In our previous work [14], we attempted to solve the 
very same problem using an ANN classifier. Trained 
on the same features, we compared the performance 
of the SVM (all kernels) with this work. The ANN 
was trained and tested using the same dataset 
presented in this paper. The parameters for the ANN 
are shown in Table 3. 
From Fig. 8, it is clear that the SVM (linear kernel) 
outperforms the ANN for both features. The ANN 
moreover, reported lower accuracy results when 
compared to the SVM-polynomial kernel using PCA-
reduced histogram features. The difference between 
the SVM-polynomial kernel with PCA-reduced edge 
features with the ANN. The SVM with the RBF 
kernel reports the least accuracy compared to the 
other classifiers for both feature types. 
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Table 1. SVM Classification Accuracy (%) using histogram 
features 

 
 
Table 2. SVM Classification Accuracy (%) using edge statistics 

features 

 
 

Table 3. The Artificial Neural Network configuration from our 
previous work in [14] 

 

 
Fig. 7. SVM linear, polynomial and RBF kernel accuracy 

results. 
 

 
Fig. 8. Comparison between the SVM with the ANN 

implementation as in [14]. 
 

Two interesting observations were made from the 
experiments. Firstly, the SVM -linear kernel reported 
the highest accuracy results for both feature types. 
Secondly, the edge features used with SVM showed 
the best results for all kernels. We hence can 
conclude that, at this point in time, it appears that the 
SVM-linear kernel using edge statistics features is 
superior compared to the other configurations. 
Besides looking at accuracy, we subjectively 
compared overall time. All of the SVMs 
approximately took half the time for training 
compared to the ANN. This might an important factor 
to favor the SVM. However, due to the small number 
of data of 72-images, a concrete conclusion cannot be 
made.  
In all, even though overall accuracy favors the SVM-
liner kernel, we believe more experimentation needs 
to be done. Moreover, we also believe that more data 
should b collected in order to cater for unexpected 
variations that might exist between samples (even of 
the similar class). 
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CONCLUSION 
 
We have performed classification of (grayscale) 
machined workpiece images into the six classes of 
Turning, Grinding, Horizontal Milling, Vertical 
Milling, Lapping, and Shaping. The main objective 
was to investigate the accuracy of the Support Vector 
Machine classifier (with various kernels) based on 
two features, (i) graylevel histogram, and (ii) edge 
feature statistic. Due to the high dimensionality of the 
feature vector, Principal Component Analysis was 
used for feature reduction. The use of the SVM 
classifier is also justified compared to the Artificial 
Neural Network, as it required less time to train for 
our purpose. Based on a dataset of 72 captured 
images, the SVM-linear kernel using edge-features 
provided superior performance.  
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