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Abstract 
Polishing is a highly skilled manufacturing process with a lot of 
constraints and interaction with environment. In general, the 
purpose of polishing is to get the uniform surface roughness 
distributed evenly throughout part’s surface. In order to reduce the 
polishing time and cope with the shortage of skilled workers, robotic 
polishing technology has been investigated. This paper studies about 
vision system to measure surface defects that have been 
characterized to some level of surface roughness. The surface defects 
data have learned using artificial neural networks to give a decision 
in order to move the actuator of arm robot. Force and rotation time 
have chosen as output parameters of artificial neural networks. 
Results shows that although there is a considerable change in both 
parameter values acquired from vision data compared to real data, it 
is still possible to obtain surface defects characterization using vision 
sensor to a certain limit of accuracy. The overall results of this 
research would encourage further developments in this area to 
achieve robust computer vision based surface measurement systems 
for industrial robotic, especially in polishing process. 
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1. INTRODUCTION 
 

Polishing are final finishing processes that are widely used in many 
manufacturing industries including aerospace, automobile, dies and molds. 
Polishing is a process that uses abrasives to smooth the part surface without 
affecting its geometry. In general, the purpose of polishing is to get the 
uniform surface roughness distributed evenly throughout part’s surface [1]. 
Traditionally, polishing has largely been a manual operation that is very labor 
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intensive, highly skill dependent, inefficient with long process time, high cost, 
error prone, and hazardous due to abrasive dust. Automation is a solution to 
over come the above-mentioned problems of the manual operation. The 
importance of polishing automation has drawn many researchers into 
investigating robotic polishing technology. The major goal is to improve time 
efficiency together with surface quality [2]. The idea of formulating this work 
originated while doing consultancy visit at automotive manufacturing 
company Proton Industry in Malaysia. Certain workers always do polishing 
work to improve surface quality of stamped bonnet car part due to scratch or 
whatever surface quality problem. 

Novel methods need to be developed in order to automate polishing 
process by industrial robots. In general, there are two methods that are 
developed by many researchers in the robotic polishing applications: contact 
methods & non-contact methods [3]. Contact method is usually chosen 
because it focuses on the quality of the result obtained. While non-contact 
methods only used for surface inspection and rarely used in the polishing 
process application. Though, some research had chosen non-contact method 
to reduce its processing time [4]. For surface conditions, it may present an 
alternative way to allow the surface roughness to be measured rapidly with 
an acceptable accuracy. One of the most promising non-contact methods in 
terms of speed and accuracy is the computer vision technique. The surface 
roughness measured by computer vision system over a wide range could be 
obtained with a reasonable accuracy compared with those measured by 
traditional contact methods. 

Recently, many researchers combined this both methods, but non-
contact methods are only used for the application to determine the path-
planning on the robot. Because there is no standard, the implementations of 
surface inspection techniques are rarely used to differentiate the quality of 
surface and determine the action on the robot. For that, they need intelligent 
systems that can create a standard for classification of surface condition. One 
method that has proved much better for classification are artificial neural 
networks. Therefore, this research try to get time efficiency together with 
surface quality by combining contact and non-contact methods by using 
artificial neural networks as learning algorithm. The goal of this research 
work is to build the system act like human beings and has the ability in 
learning. The capabilities such polishing skilled worker is developed by using 
an intelligent robot with vision system using artificial neural networks to do 
polishing process in two dimensions specimen.   
 
 
2. RELATED WORKS 
 

The successful implementation of an automated polishing system 
requires in depth studies on the polishing process. In the past, many 
researches have been carried out to investigate prospective methods for 
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designing and implementing automated polishing systems. Researchers 
should decide what kind of sensors that required to realize the ideas. The 
method that usually used in polishing robot sensor system can be divided 
into contact methods and non-contact methods. Presently, contact-methods 
occupy large volume in researches of practical polishing robot. Many 
researchers develop contact-methods like force sensor [5], ultrasonic 
vibration [6] and touch trigger probe [7] because these methods are easy to 
implement. But, this process is still inefficient, because it takes much sensing 
time in polishing process.  

Contradictory with contact methods, non-contact methods is rarely 
used for polishing robot. It is often used for surface roughness and defects 
inspection for evaluation in final manufacturing process. The non-contact 
methods may present an alternative to allow the surface defects to be 
measured rapidly with an acceptable accuracy. One of the most promising 
non-contact methods in terms of speed and accuracy is the computer vision 
technique [8]. Comparing with the contact method, the computer vision 
system is a useful method for measuring the surface defects with faster, 
lower price, and lower environment noise in manufacturing process [9]. 
Automatic surface defects detection with vision systems can bring 
manufacturers a number of significant benefits, especially when used on-line.  

Some significant computer vision techniques for automatic polishing 
robot system have been discussed from some researches and real 
manufacturing observations.  An experimental robotics based on die 
polishing set up using multiple vision sensors and fuzzy ANN has been 
developed to recognize new surfaces and plan appropriate strategy for 
polishing process [10]. Path planning optimization that is a high complex 
nonlinear optimal problem has been proposed based on improved genetic 
algorithm for polishing robot [11]. Latest, vision localization method of 
micro-polishing robot has been presented, which is restricted within certain 
working space [12]. From researches above, usually researchers improve 
time efficiency in polishing process by optimizing path planning. While, this 
research try to use force adapted based on surface defects characteristic to 
reduce polishing time and cope with the shortage of skilled workers. 

 
 

3. SYSTEM DESIGN 
 

This section begins with a discussion that touched many technical parts 
of the system that was built to get in-depth explanation of this research. The 
section consists of the description of material, selecting camera and force 
plate as a sensor, and robot arm as an actuator that is used in our experiment. 
In our system design, some sensors are used to take the actual surface 
condition. For the camera, OMRON F500 Vision System with 1 mega pixel 
resolution that enables high-precision inspections and measurements is used 
to grab surface image in details. This camera has a standard image resolution 
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for inspection that is 512 x 484 (247.808 pixels). Furthermore, ring lighting is 
applied for illumination in surface inspection. The performance of the vision 
sensor is various depending on the combination of camera, lens, and lighting 
to create a suitable combination for inspection purpose. To take the force 
data that material received when polishing process happened, Logic Pro 
LP342i force plate sensor (from Texas Instrument) is used. Figure 1 shows 
the general system design for polishing robot.   

 
 

Figure 1. The general system design of polishing robot  
 

Actuator that used in this system is six-axis arm robot with an abrasive 
polishing tool as end-effectors. Arm robot that is used in this research is 
SMART NS 16-1.65 (from COMAU Robotic Italia). The robot consists of an 
anthropomorphic structure with 6 degrees of freedom. Polishing tool 
attached to the end effectors of the arm robot, which consists of pneumatic 
grinder and abrasive polishing wheels. Polishing tool used here is MAGW-40 
MYTON Pneumatic Grinder produced by NITTO KOHKI Co., Ltd.  (from Japan) 
installed with an air compressor that can be altered to change the value of air 
pressure. There are several types of polishing wheels with several different 
roughness types. Polishing wheels can be selected, so that it can be adjusted 
to many polishing application that will be made. 

Specimen that used in this experiment is mild steel typed SPCC-390 
plate (from CSC steel) that mostly used in automotive industry. This 
specimen selection according to the research objectives, conduct inspection 
of surface defects that usually happened in automotive industry process 
production. The size of specimen is A4 sized and thickness is 3 mm. The 
polishing process is done on this surface specimen and it will be placed on 
the force plate sensor and clamped to the work table. Figure 2 shows the 
implementation of the polishing robot system. 
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Figure 2. Implementation of the polishing robot system 
 
 

4. SURFACE DEFECT CHARACTERIZATION 
 

This section will provide further explanations about the use of vision 
sensor. The explanation basically defines a surface defect characterization 
using image processing methods. Characterization is a simple analysis used 
to compare the new measurement method with a commonly used method of 
measurement. This is done to ensure that the new measurement method is 
quite linear with the standard measurement in actual condition. The method 
that will be developed is "two-level inspector" [13]. Determine surface 
defects in specimens compared to the value of surface roughness which has 
become a standard for measuring surface roughness. The basic idea is to 
separate objects of interest in image from the background based on gray-
level distribution. Then divide the segmented objects into two parts, easy 
removed defect and hard removed defect. In surface defect characterization, 
there are some steps that we must do. First is image acquisition that grab 
image from camera. Second is image enhancement to grab the image and 
remove noise by using filtering techniques. Then image segmentation 
classified the image into two defect levels to get the feature of surface defect. 
Figure 3 shows the surface defect characterization on corrosion image using 
two-level inspector. 
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(a) (b) (c) 
 

Figure 3. Surface defect characterization on image using two-level inspector 
(a) brightened image, (b) filtered image, (c) characterized image 

 
From image characterization, surface defects that are easily removed 

then referred as D1 (Defect Level-1), while the part that hard to removed is 
called D2 (Defect Level-2). These levels of defect will be used for learning 
system to determine which data will be grouped into accepted or rejected 
class.  Similarly with above experiment, 40 other experiments also 
conducted. Totally, there are 40 x 4 (160) options in each experiment. All of 
data collection that obtained from experiments will be used for neural 
networks process. Defect levels data (D1 and D2) and its classification will be 
used as the learning parameters. While defect level change (D1 'and D2') and 
surface roughness changes (Ra' and Rz') are used to determine the 
performance of the system. 

 
5. EXPERIMENTAL DESIGN 
 

In the polishing process, there are several parameters that can be 
changed such as: force (F), abrasive value (μ), rotational speed (ω) and 
polishing time (t). Each parameter has a relationship with one another. First 
is the relation between rotational speed and polishing time. Rotational speed 
means the velocities of polishing tool, and polishing time means time 
required to improve surface quality. These two parameters are related to one 
another when talk about how fast a motor is running.  

 
ω = 2π/T =  2πf (1) 

 
Rotational speed is equivalent to angular speed (ω) that is a scalar 

measure of rotation rate. While polishing time is equivalent to period (T) that 
is the duration of one cycle in a repeating event. So the period is the 
reciprocal with the frequency (f). Both variables rotational speed and 
polishing time is directly proportional, so that one can be taken as a 
parameter. In practice, it is very difficult to control the speed of the polishing 
tool. Then the speed of the polishing tool is made in a fixed value, so 
rotational speed may not be used as parameter. Because of that, the possible 
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parameter to represent rotational speed is polishing time. Figure 4 shows the 
relationship between the reduce of defect in image and polishing time.  
 

   

   

 
Figure 4. Relationship between the reduce of defect in image and polishing time 

 
Second is the relation between force and abrasive value. Force (F) 

plays as an important role in polishing process. Usually a good surface 
condition was sufficient given the small force, because the value of the 
desired changes is not big. Contrary to the bad surface condition, the desired 
changes must be large and required a large force values. There are several 
abrasive values (μ) in polishing tools. A large abrasive value will get the 
significance of surface changes as well. These two parameters are related to 
one another when discussed about frictional force (Ff). Figure 4 (b) shows the 
relationship between force and abrasive value in frictional force. 
 

Ff = μk .N (2) 
 
N = F 

 
(3) 

 
Force is equivalent to frictional force where on each surface is exerted 

in the direction opposite to its motion relative to the other surface. For 
surfaces in relative motion μ=μk, means abrasive value (μ) is equivalent to μk 
(coefficient of kinetic friction). Then the abrasive value is made in a fixed 
value. Because of that, the possible parameter to represent abrasive value is 
frictional force. And since N=F, the value of the frictional force can generally 
be replaced by force.  
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Some experiments on the polishing process were performed with 
several variations of force to determine which possible force value is. From 
some experiments, it was concluded that after the force reaches a certain 
value, polishing tool no longer able to rotate because of the limitation of 
polishing speed. Thus, it is possible to determine the value of force only in a 
certain interval value. However, when the velocity of the polishing tool is 
more than 1200 rpm, the surface is burned black. This is due to the heat is 
generated by the friction between the polishing tool and the surface of the 
specimens [9]. 

From the explanation, it can be concluded that the appropriate value of 
the polishing speed is 1000 rpm - 1200 rpm. This velocities is considered 
sufficient for the polishing process, because it can reduce the surface 
roughness and at the same time not giving a bad effect on the specimen. The 
next question is the value of force (F) and polishing time (t) that is efficient to 
do the polishing process. So, a good quality polishing results can be achieved 
with an acceptable value of force and polishing time. Therefore, necessary to 
try the different variations of force values at a speed 1000 rpm and 1200 rpm 
so that the appropriate force values can be known. 

As explained before, the force values given in the specimen is inversely 
proportional to the speed. So that at a certain force the value of the polishing 
tool will be stops. In this experiment, 1000 rpm and 1200 rpm speed will be 
given 5N, 10N, 15N, 20N and 25N force value. This experiment wants to show 
the force response to the speed of polishing tool which is captured by a force 
plate sensor. From the experiment, it can be concluded that the most efficient 
polishing process when the velocity of the polishing tool is 1200 rpm and the 
polishing force is set at 0 to 20 N in the range of time 10 to 40 seconds.  

To determine the value of the polishing times (t) that is possible, some 
experiment has been done with several variations of polishing time with a 
fixed polishing speed and force value. This experiment took five specimens in 
different conditions and then the polishing process is carried out with the 
value of the polishing speed and force in the same value. In every 5 seconds, 
the surface roughness (Ra) retrieved to see the significance of surface 
roughness changes on the polishing process. From, this experiment it was 
concluded that after 20 seconds, there are no significant changes in surface 
roughness (Ra and Rz). Thus, it is possible to finish polishing process only at 
intervals 0-20 seconds only. But some specimens that have a high surface 
roughness value take 40 seconds for its time polishing. From here we can 
conclude to lower the surface roughness at time interval 0-20 seconds, while 
for the bad surface roughness condition needs more time on interval 20-40 
seconds. 

Experiment conducted with the involvement of human. Then, 
experiment was done by dividing the polishing time parameter (t) into four 
classes (t1, t2, t3 and t4) and the force parameter (F) were divided into two 
classes (F1 and F2). Because the polishing time is taken from 0 to 40 seconds 
range, the value of t1 will be 10 seconds, t2 will be 20 seconds, t3 will be 30 



 9 

seconds and t4 will be 40 seconds. Because the force is taken from 0 to 20 N 
ranges, the value of F1 will be 10N and F2 will be 20N.  

Each experiment provided four different treatments on the specimen. In 
the accepted category, the divisions are as follows: 

 
 Treatment 1: Time: 10 seconds and Force: 10N 
 Treatment 2: Time: 20 seconds and Force: 10N 
 Treatment 3: Time: 30 seconds and Force: 20N 
 Treatment 4: Time: 40 seconds and Force: 20N 

 
Table 1 shows the example of different treatments on the specimens. 

 
Table 1. Four different treatments on the specimen 
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6. CLASSIFICATION USING NEURAL NETWORKS 
 

This section discussed the development of neural networks that will 
be used for polishing robot system. Neural networks are used to learn the 
patterns of the experimental data that obtained in the previous section. Then 
the results will be implemented in decision making system of the polishing 
robot. This discussion is more on the design and architecture of neural 
networks. The steps in the development of neural networks will be described. 

Data for the learning that obtained from the experiment were divided 
into three parts. The first part is for modeling the training phase, the second 
part is to validate the model and the third part for testing. Specifications of 
neural networks used were as follows: Architecture that is used is Feed 
Forward Neural Networks with two layers (one hidden layer). Input is the 
result of image-level characterization of surface defects, consisting of Defect 
Level-1 (D1) and Defect Level-2 (D2).  The number of nodes in the hidden 
layer will be discussed in the training section by finding the most appropriate 
using 1-10 nodes in experiment. For output layer, a single node is used 
consisting of five groups of classes (Accepted-1, Accepted-2, Accepted-3, 
Accepted-4 and Rejected). 
 Learning algorithm that used is Levenberg-Marquardt (LM) 
Backpropagation. Transfer function that used for hidden layer is hyperbolic 
tangent sigmoid functions while for output layer is linear function. The initial 
value of weights using Nguyen-Widrow algorithm that is repeated until 
convergence or repeated 25 different times to get the smallest. Nguyen-
Widrow algorithm provides initial weights on nodes with values between -
0.5 to 0.5, while the weights from input to hidden layer is designed in such a 
way as to accelerate the learning process [14]. 

Then, determining the best architecture in terms of producing outputs 
that most closely approximates to the reference for each type of data. Then 
repeating steps 1 and 2 until the results have tended to stable or no 
significant change in the pattern. After that, comparing the results of testing 
data output from the model of neural networks with directly on the polishing 
robot application. Then the results of testing data obtained on the actual 
conditions during implementation. After that do the re-characterization of 
surface defects to determine the level of success and error value for each 
data. The last, this data can be used to add the learning data.  

Some conclusions can be achieved from the training. Standard back-
propagation with seven hidden nodes have chosen as hidden nodes number 
because the performance shows good results and required a few epoch. This 
number of hidden nodes will be used to build neural networks architecture. 
Supervised learning is used for training neural networks with samples. 
Figure 5 shows the complete architecture of the neural networks. 

 



 11 

 
 

Figure 5. The Architecture of neural networks with 7 hidden nodes 

 
The values are inserted to the equation of neural networks that are made to 
obtain mathematical model.  To get the model, some calculations are done 
based on the following steps: 
 

i. Each input (x1 and x2) is multiplied by the weights for each neuron in 
the hidden layer (w11, w12, …, w27).  The results at each neuron are 
summed with the bias (bA1, bA2, …, bA7).  Then, each result is summed as 
in the following equation. 

a 



n

i

iij bxw
1

 
 

(4) 

 
ii. The number of neurons (N) is used in the activation function.  Activation 

function chosen is the tangent sigmoid function as follows: 

1
1

2
)(

2





 ae
af   

 
(5) 
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The output from these neurons is written as follows: 









 



n

i

iij bxwfaf
1

)(  
 

(6) 

Thus the final calculations to obtain a mathematical model that is used 
in the system are: 
 

Z = wA1B Y1 + wA2B Y2+ wA3B Y3 + wA4B Y4 + wA5B Y5 + wA6B Y6 + wA7B Y7 

+ bB 

(7) 
 

 
Z = 1.4633 Y1+ (-7.4496) Y2 + 0.2568 Y3 + (-0.1934) Y4 + (-0.0617)     
       Y5 + (-0.3853) Y6 + 0.4724 Y7 + (-0.8747) 

 
(8) 

   
  As described above, the architecture that is used is Feed Forward 
Neural Networks with two layers (one hidden layer). The details are as 
follows: two input nodes that are the result of image-level characterization of 
surface defects, consisting of Defect Level-1 (D1) and Defect Level-2 (D2), 
seven hidden nodes, and one output node that consist of five groups of 
classes (Accepted-1, Accepted-2, Accepted-3, Accepted-4 and Rejected). Data 
for the learning that obtained from the experiment were divided into three 
parts. The first part is for modeling the training phase, the second part is to 
validate the model and the third part for testing with 80:10:10 comparative 
data. Table 2 shows the result of neural networks testing with early stopping, 
without early stopping using epoch parameter and without early stopping 
using goal parameter. 
  From the table above, it can be concluded that the best success rate is 
on testing without early stopping using goal parameter = 0.046876 with a 
success rate of 0.99. For a new system formed, the 99% accuracy was quite 
good. This success rate average is considered sufficient for the 
implementation. 
 

Table 2. The result of neural networks testing by some methods 

 

Testing Methods 
Average 

Epochs Performances Success Rate 

With early stopping 20.92 0.046876 0.954 

Without early stopping :    

- Epoch parameter = 21 21 0.036452 0.982 

- Goal parameter = 0.046876 14.56 0.043346 0.990 
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7. RESULT AND DISCUSSION 
 

This section will discuss about the implementation of intelligent 
systems that have been built into the actual condition of the polishing robot. 
And then to be evaluated with the results achieved. Discussion is divided into 
several sections. The first is the implementation and evaluation of the surface 
defect characterization on different condition of specimens. The second is the 
surface quality improvement in the polishing process application. 

The first evaluation was conducted for surface characterization on the 
polishing process.  Based on accepted data in polishing implementation, the 
data are classified into four categories. And the second one is after polishing 
process (D1'and D2').  Figure 6 below shows the changing the defect levels 
before and after the polishing process. 

 
Figure 6. The changing of defect levels before and after polishing by the robot. 

 
From the figure above is known that from 28 accepted data, 11 data 

(39%) entered into the Accepted-1 category and 17 data (61%) included in 
the Accepted-2 category. This is quite good considering the results obtained 
are not much different from the polishing process that is done by humans, 
that is 12 (43%) of data entered into the Accepted-1 category and 16 data 
(67%) entered into that Accepted-2 category. So from this, this intelligent 
system has built 91% the human ability in the polishing process mechanism.  

The second evaluation was discussed for surface quality improvement 
in the polishing process application. It was conducted by the comparison 
between surface roughness value before and after the polishing process. 
Surface roughness used Ra and Rz value that accordance with surface 
measurement standard. Figure 7 shows the changes of surface roughness 
value before and after the polishing process. 
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Figure 7. The changing of surface roughness value before  
and after polishing by the robot 

 

The evaluation of the polishing process result is done by examining the 
average value of surface roughness after the polishing process that the value 
of Ra is 0.84 μm and Rz is 4.41 μm. This is considered quite good when 
compared with the polishing process is performed by humans with an 
average rating Ra of 0.93 μm and Rz of 4.80 μm. From here, it can be 
concluded that the use of this system is more effective in reducing the level of 
surface roughness compared with the human polishing process.  

In the polishing process by using robots are usually done with the 
assumption that there is no defect in the specimen. So that all parts of the 
surface receive the same treatment for both the polishing time and force. 
Next evaluation will be discussed about the comparison of polishing robots 
without adaptive systems and with the adaptive systems. From the 
experiment, time required for the polishing process by using the adaptive 
system is 820 second. To get the same quality in polishing process, the time 
that used for the polishing process is assumed to be given for 40 seconds 
every single time trial. Means of 28 Accepted data takes time for the polishing 
process for 1280 seconds. Means by using the adaptive system on the 
polishing robot can reduce production time by 36%. This result is in 
accordance with Nagata et al. [15], by using robotic and adaptive system will 
reduce about 30% of the polishing process time. With the result of this 
implementation, it was enough to qualify for time efficiency objectives. 
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8. CONCLUSION AND FUTURE WORKS 
 

This paper presents preliminary research in polishing robot with vision 
system. The system is based on images taken by a CCD camera. Lighting and 
image preprocessing characterization have developed to divide surface 
defects into two levels. Polishing tasks require force control adapting to 
current level of surface defects. The greater magnitude of unidirectional 
normal to the surface polishing force must be adjusted to rougher surface, 
while lighter magnitude must be regulated for a smoother surface. Human 
can do this task easily while robot can not. Artificial neural networks were 
trained the robotic system to emulate a human's example in the polishing 
process.  From the experimental results, some conclusions can be drawn 
from the application of artificial neural networks in this system. However, 
defining the rules for the polishing process from image data which have 
natural variations would has been a very difficult task. By using neural 
networks, any explicit classification rules do not need to know.  

The result of surface measurement by using the system is 95.76% of 
improvement corresponding to the results of manual polishing.  Another 
benefit of this system can be seen from time efficiencies in the polishing 
process.  When compared to manual polishing, this system can save up to 
26.78% of the time of production.  Another advantage of using neural 
networks is that if the system makes errors it can be retrained by using 
larger training set. Also, the system can be easily modified to inspection of 
different surface defects types. Some suggestion to the future development, 
combining some intelligent method, called hybrid technology minimizing the 
learning time of neural networks in this experiment that is still considered 
time consuming and can increase the system's ability to be adaptive in 
dealing with various defects in a variety of surface conditions.  
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