
  

  

Abstract—Industrial robots play potential and important 

roles on labor-intensive and high-risk jobs. For example, typical 

industrial robots have been used in grinding process. However, 

the automatic grinding process by robots is a complex process 

because it still relies on skillful engineers to adaptively adjust 

several key parameters. Moreover, it might take a lot of time 

and effort to yield better grinding quality. Hence, this paper 

proposed a new framework of cyber-physical robot system with 

automatic zero-tuning optimization of the process parameters to 

achieve the desired quality. To overcome the unexpected 

difference between reality and simulation, proper system 

calibration can help in precise positioning in real environment, 

and the cloud database is constructed to record the relative data 

during the grinding process simultaneously. The proposed 

zero-tuning methodology combines both neural network (NN) 

model and genetic algorithm (GA) to generate the best 

combination of corresponding parameters to meet the desired 

quality. Experimental results showed that the average error of 

the output result was 8.93%. To compare the CNC machine, our 

solution shows more prominent role and potential in plumbing 

industry. 

I. INTRODUCTION 

NDUSTRIAL robots have been widely used in many 

manufacturing and machining processes, such as cargo 

handling, welding, spraying, etc. [1].  Moreover, industrial 

robots are also applied in labor-intensive and high-risk 

industries, such as in plumbing industry, which traditionally 

relies on labors to manually grind and polish the workpieces. 

However, the operating environment is filled with noise and 

the grinding process also causes serious industrial dust 

pollution that is detrimental to health. These drawbacks result 

in a high turnover rate, and the factories are often faced with 

severe problem of labor shortage. Although industrial robots 

can replace human to accomplish the works, the ultimate 

solution still depends on experienced or skillful engineer to 

fine-tune the related process parameters for better grinding 

quality. Hence, current grinding processes are not fully 

automated. 

 The combination of different process parameters can affect 

the grinding quality by robotic system [2], such as the belt 

grain size, the robot moving speed, the belt machine line 

speed and the grinding contact force, etc. [3]. When different 

combinations of process parameters are used, it will lead to 

different quality of the workpiece, including the difference in 
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surface roughness, residual of casting surface, mismatch gap 

and surface discontinuity. 

 Traditional methods to predicting the surface roughness 

and optimized process parameters would involve a 

construction of physical grinding model. For example, Zhang 

et al. [4] proposed a pressure distribution model combined 

with other grinding parameters to estimate the material 

removal of robotic grinding. Wu et al. [5] constructed a 

platform for comprehensive modeling and simulation of the 

robotic belt grinding system to select the grinding process key 

parameters. Zhao et al. [6] established a surface roughness 

prediction model for CNC belt grinding and polishing 

machine, and the optimum process parameters were 

determined by analyzing the response surface to improve 

surface quality and reduce surface roughness of integrally 

bladed rotors. Ng et al. [7], [8] scaled the manual grinding 

parameters to robotic grinding platform by building a depth 

pixel model and a material removal model. Qi and Chen [3] 

designed a prediction model based on the average cutting 

depth of abrasive grains to predict the surface roughness for 

robotic grinding, where the grinding belt was fixed on the 

robot. Zhu et al. [9] built a surface roughness prediction 

model to predict the surface roughness of SiCp/Al composite 

using the surface grinder and optimized the grinding process 

parameters by Non-dominant Sorting Genetic Algorithm 

(NSGA-II). 

However, robotic grinding is a complex process that is 

difficult to match fully the real environment with fitting 

parameters in a model that can fully reflect the system. To 

solve the problem of comprehensive parameter optimization, 

a potential solution may depend on machine learning 

associated with Big Data [10], which is already widely used 

to predict the surface roughness in hard turning [11]. 

Therefore, this paper proposed a neural network model 

combined with genetic algorithm to construct a “zero-tuning” 

system that can predict the workpiece quality of robotic 

grinding and automatically tune the process parameters to 

achieve the desired surface roughness to solve the 

dependency of human trial and error in tuning. 

 The rest of the paper is organized as follows. Section II 

describes the system structure. Section III explains the 

relative theories and methods. Section IV shows the 

experimental results. Section V gives conclusions and 

summarizes this paper. 
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II. SYSTEM STRUCTURE 

A. Overview of the Robot Grinding Cell 

The experimental hardware setup, shown in Figure 1, 

consisted of an Evermore RH60 robot, an Evermore grinding 

machine, a dust collector, a Wacoh 6-axis F/T sensor Dynpick 

1000 N, a Mitutoyo SJ-210 surface roughness tester and HCG 

brass faucets (product type: 3188). An Evermore six-axis 

industrial robot RH60 with payload of 60Kg was used with 

ITRI robot controller. A Wacoh 6-axis F/T sensor Dynpick 

1000 N was installed onto the robot’s end-effector to measure 

the force and torque values during grinding. A Mitutoyo 

SJ-210 surface roughness tester would measure the surface 

roughness of the workpiece before and after grinding. A 

network hub was the central connection for all devices, in 

which, the cloud-database system could monitor all sensors' 

signals and the robot information simultaneously. 

 

 
Figure 1. Hardware setup of intelligent robot grinding system in ITRI 

laboratory. 

 

B. System Architecture 

The comprehensive name of the system architecture of the 

intelligent robot grinding is described as a 

cloud-cyber-physical system, as shown in Figure 2.  

First, the physical layer deals with sensors, actuators, 

robots and grinding-related device. One of the critical 

problems in the robot grinding system is to determine the 

proper position for the grinding machine in relation to other 

apparatus, which directly affects the performance of the 

system. Moreover, the designs of gripper and the grinding 

machine with proper selection of the abrasive belt are 

important as well. 

Second, the cyber layer is established based on the robot’s 

programming software, EzSim, which is developed by ITRI 

robotics team. The EzSim Software Developed Kit (SDK) 

supports users with functional APIs for developing various 

kinds of application technology. To eliminate the error 

between physical model and cyber model, the calibration 

process plays an important role. Thus, one smart vision plugin 

is developed for this purpose. Additionally, the status plugin 

monitors and records not only the sensor signal, the robot 

joint value, and Cartesian pose, but also the ideal trajectory 

planned in offline programming, to be stored as one dataset in 

JSON structure for each grinding process. Moreover, the 

zero-tuning methodology can access those grinding datasets 

from cloud database. With appropriate query method, it 

retrieves meaningful data as training and validating sets for 

further machine learning purpose. 

Lastly, the cloud layer is established based on MongoDB 

[12]. Since it is highly possible that the hardware installation 

of every robot grinding system varies, therefore, NoSQL 

database has the advantage of flexible and schema-free 

structure applicable in this circumstance. 

 

 
Figure 2. System architecture of cyber-physical-cloud manufacturing  

system. 

III. RELATED THEORIES AND METHODS 

A. System Calibration 

To synchronize the data and information between physical 

shop floor and the cyber computational space, the system 

calibration plays an important role in cyber-physical robotic 

system. Furthermore, the database relies on well-defined 

configuration to collect useful information. This research 

focused on the grinding process and tried to find the 

relationship between process parameters and surface quality 

of workpieces, in which the position of the belt grinding 

machine and its contact force are two important factors to 

affect the final quality. However, the measuring signal from 

F/T sensor involves many elements, such as sensor bias, 

gravity, vibration, inertial force and noise, being expressed as 

follows: 

𝐹𝑠𝑒𝑛𝑠𝑜𝑟 = 𝐹𝑏𝑖𝑎𝑠 + 𝐹𝑔𝑟𝑎𝑣𝑖𝑡𝑦 + 𝐹𝑣𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 

+ 𝐹𝑐𝑜𝑛𝑡𝑎𝑐𝑡 + 𝐹𝑛𝑜𝑖𝑠𝑒 
(1) 

Bias and gravity compensation are the essential steps for 

measuring the contact force by F/T sensor [13], and their 

experimental results are listed in Table 1. 
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Table 1.  The experiment results of bias and gravity compensation 

Parameters Values 

Mass (kg) 12.38 

Center of mass (mm) (0.11, 0.63, 113.16) 

 

The other important factor in grinding process is to 

calibrate the position and orientation of the belt grinding 

machine beforehand. It can help eliminate the difference 

between reality and simulation with immediate refining of the 

trajectory of robot to reduce complex procedure of tuning. 

This research adopts a scheme of using a sensory 3D camera 

as eye-in-hand configuration to positioning and orientation of 

grinding machine. The main advantage of this sensory 

scheme is its range of detection, providing the maximum 

sensory capability. Before locating the grinding machine, the 

rigid transformation between the camera frame and the robot 

end-effector must be computed in advance and such issue was 

already formulated by our previous work [14]. 

 

B. Robot Trajectory Generation 

In order to generate a more accurate robot trajectory when 

using simulation, this paper developed the simulator 

equipped with CAD/CAM engine to automatically generate 

the toolpath of workpiece. The principal of toolpath 

generation in the simulator is based on the iso-planar method 

[15]. First, the CAD model of workpiece must be loaded into 

the simulator. Then, the workpiece features such as vertex, 

edge and surface are extracted by operator to select specific 

area. The toolpaths are generated by intersecting surface in 

Cartesian space and characterized with a uniform interval 

between adjacent toolpaths. After that, the robot trajectory 

must be transformed by toolpath of workpiece that is 

composed of a position vector and its normal vector. 

However, the difference between reality and simulation often 

leads to uncertainty, and to counter this problem of 

uncertainty, a machine localization approach for calibrating 

the grinding machine position precisely was proposed. 

Following the calibration results of machine location, the 

robot trajectory can be modified and optimized in real-time. 

Figure 3 shows the transformation of the robotic belt grinding 

system. The problem can be formulated as follows: 

𝐻𝑅 𝐺 = 𝐻𝑅 𝐵 𝐻𝐵 𝐺 = 𝐻𝑅 𝐸 𝐻𝐶 𝐸
−1 𝐻𝐶 𝐵 𝐻𝐵 𝐺  (2) 

where 𝐻𝑅 𝐺 ∈ 𝑅
4×4 represents rigid transformation between 

the robot base and grinding contact point. 𝐻𝐵 𝐺 ∈ 𝑅
4×4 

represents rigid transformation between grinding machine 

and grinding contact point, which can be determined by the 

simulation setting. 𝐻𝑅 𝐵 ∈ 𝑅
4×4  represents rigid 

transformation between robot base and grinding machine. It 

was hard to yield an ideal match between simulated and real 

distance. Therefore, a 3D camera was used to calibrate the 

grinding machine’s position, and the ICP algorithm was 

applied to find the relationship between the CAD model of 

grinding machine and camera sensing data [16]. This 

information can be calculated by following 

transformations. 𝐻𝑅 𝐸 ∈ 𝑅
4×4 represents rigid transformation 

between the robot end-effector and the robot base. 𝐻𝐶 𝐸 =

𝑋 ∈ 𝑅4×4  represents rigid transformation between the 

camera frame and the robot end-effector. 𝐻𝐶 𝐵 ∈ 𝑅
4×4 

represents rigid transformation between the camera frame and 

the grinding machine. 

 

 
Figure 3. Transformation of the robotic belt grinding system. 

 

C. Surface Roughness Estimation 

The grinding surface quality is affected by the combination 

of different process parameters such as the belt grain size, the 

belt machine line speed, and workpiece material, etc. In this 

research, a neural network technique (NN) was employed for 

predicting the surface roughness during robotic grinding 

process. To establish the modeling of the surface roughness, a 

popular, three-tier layer architecture of feedforward neural 

network was used based on the back-propagation learning 

algorithm. The numbers of neuron in the input, the hidden, 

and the output layers were five, ten, ten and one, respectively, 

as shown in Figure 4. The input neurons were respectively 

monitoring the belt grain size, the surface roughness before 

grinding, the belt machine line speed, the robot arm velocity 

and the contact force. The output of the model was the surface 

roughness after grinding. The NN performances were 

evaluated using mean absolute error (MAE) which is 

expressed in Eq. (3): 

𝑀𝐴𝐸 =
1

𝑛
∑| 𝑅𝑎

𝑖 − 𝑅𝑎
~𝑖 |

𝑛

𝑖=1

 (3) 

where 𝑅𝑎
𝑖  is the predicted surface roughness after grinding 

generated by NN, 𝑅𝑎
~𝑖  is the actual surface roughness after 

grinding measured by the surface roughness tester and n is the 

size of sample data. 

 

D. Grinding Process Parameters Optimization 

The neural network can be used to construct the 

complicated relationship between grinding parameters and 

surface roughness. In order to achieve the desired quality, one 

genetic algorithm was used to optimize the grinding 

parameters as the inputs of the NN model, which included the 

belt grain size, the surface roughness value before grinding 

𝑅𝑎
′ , the contact force 𝑓𝑐, the belt line speed 𝑣𝑏𝑒𝑙𝑡 and the robot 
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velocity 𝑣𝑟𝑜𝑏𝑜𝑡 . The output of the NN model was the surface 

roughness value after grinding 𝑅𝑎 . The fitness function of 

genetic algorithm was the training result of NN model. 

Afterwards, the genetic algorithm was repeated for selection, 

crossover, and mutation to create the new population that 

could satisfy the requirements of the fitness function, as 

shown in Figure 5. Eventually, the output of the genetic 

algorithm is the optimized combination of process parameters, 

which is the objective of this zero-tuning system for 

achieving the desired surface roughness by robotic grinding. 

 

 
Figure 4. The architecture of 5-10-10-1 neural network. 

 

 
Figure 5. The architecture of zero-tuning system. 

IV. EXPERIMENT AND ANALYSIS 

In the setup of the hand-eye calibration experiment, an 

Evermore RH60 robot was used with an Artec Eva 3D camera. 

First, the robot was manipulated to acquire 50 poses and 

camera images that contained 96 grid chessboards, as shown 

in Figure 6. In order to receive reliable calibration result, the 

system implemented three calibration techniques to select the 

best one to locate the machine position. In addition, the 

calibration results were validated by the robot hand-eye 

calibration using calibration image set. The errors of 

hand-eye calibration are listed in Table 2. 

 

 

  

  
(a) (b) 

  

Figure 6. (a) Hand-eye calibration experiment setup. (b) Collection of 

input images. 

 
Table 2. The transformation errors of the calibration grid points    

Methods Mean (mm) Std (mm) 

Park94 [17] 1.891956 0.856799 

Daniilidis98 [18] 1.881985 0.76816 

Andreff99 [19] 4.121095 3.194093 

 

To collect the data on robotic grinding, the copper alloy 

faucet blank was chosen for the experiment as shown in 

Figure 7. The grinding process parameters are listed in Table 

3.  

 

  
Figure 7. A workpiece of copper alloy faucet blank. 

 
Table 3.  Processing parameters of data collection 

Parameters Values 

Grid belt #100. #280. #400 

Belt machine line velocity 6.8075. 13.615. 27.23 (m/s) 

Robot arm velocity 20. 40. 60 (mm/s) 

 

There are 3 different parameters: the belt grain size, the belt 

machine line speed and the robot arm velocity. Each 

parameter has 3 different values. As a result, there will be a 

total of 27 combinations. For each combination, the grinding 

procedure was repeated three times, and thus, a total of 81 

data pieces have been collected and saved in the proposed 

cloud robot grinding database system. Figure 8 shows a part 

of the grinding results under different process parameters. It 

was observed that different combinations of parameters 

yielded different surface conditions of the workpiece. For 

instance, the grinding belt with a slow line velocity resulted in 

more residues on the casting surface after robotic grinding, 

compared with a fast belt line speed. 
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Figure 8. The robotic grinding results under different parameters’ 

combination. (a) The belt grain size of #100 with different belt 

machine line speed and robot arm velocity. (b) The belt grain 
size of #400 with different belt machine line speed and robot 

arm velocity. 

 

The data of the robotic grinding would then be applied to 

the NN model, which is described in Section III C. The 

training epoch was 350, with the result shown in Figure 9. 

The training error and test error were 0.5135 and 0.4141, 

respectively. Then, the model became the fitness function of 

the genetic algorithm to find the optimum process parameters 

for the desired surface roughness by grinding. In genetic 

algorithm, the population size was set to 50, the crossover rate 

was set to 0.8, and the mutation rate was set to 0.03. Due to 

the limitation of robotic grinding system, the process 

parameters have specific operating ranges during the 

optimization part in genetic algorithm as shown in Table 4. 

There are three different kinds of choices for the belt grain 

size. The belt machine line speed, the robot arm velocity and 

the contact force were set in a safety range to ensure the 

stability of robotic grinding. 

The experimental results for the zero-tuning system are 

shown in Table 5. There were four testing workpieces with 

desired surface roughness after grinding, which were having 

values of 1.8, 2.4, 3.0 and 3.6, respectively. The genetic 

algorithm combined with the NN model could successfully 

calculate the optimum parameters combination within 10 

cycles, and the predicted surface roughness error was less 

than 0.01μm. For the real surface roughness of the workpiece 

which was grinded with the optimum combination of these 

parameters, it was observed that the errors between the 

desired and real surface roughness were all lower than 14% 

and two errors of the tests were even lower than 9%. In terms 

of saving time, it was estimated that more than 90% of the 

time was saved when contrasting the proposed approach and 

the manual parameters tuning. The experiment proved that 

the “zero-tuning” system could successfully optimize the 

parameters for desired surface roughness by grinding. 

 

 
Figure 9. The training result of the neural network model. 

 
Table 4.  The range of the processing parameters in robotic grinding 

system 

Parameters Values 

Belt grain size #100. #280. #400 

Belt machine line speed 1.67~27.23 (m/s) 

Robot arm velocity 5~100 (mm/s) 

Contact Force 5~40 (N) 

 
Table 5.  Comparison of the desired, zero-tuning system (ZTS) predicted and 

real surface roughness after robotic grinding 

 

No. 

Desired  

post Ra (μm) 

ZTS 

predicted 

post Ra (μm) 

Real  

post Ra (μm) 

Error 

(desired & real) 

1 1.8 1.794 1.810 0.56% 

2 2.4 2.403 2.709 12.88% 

3 3.0 2.990 2.582 13.93% 

4 3.6 3.593 3.901 8.36% 

 

To prove the effectiveness of the proposed method, Table 6 

shows the results of the comparison. It was observed that the 

average error of the zero-tuning system was similar to other 

approaches. Although the three methods all focused on 

grinding parameters optimization, the scenario of this paper 

emphasized on robotic grinding, while others involved CNC 

grinding. Due to the advantages of flexible manufacturing, 

Single Minute Exchange of Die (SMED) and low price, 

compared with the CNC machine, industrial robots are more 

suitable to be applied in the plumbing industry. 
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Table 6.  Comparison between the result in this paper and other references 

Method Average error 

This paper 8.93% 

[9] 8.78% 

[20] 8.43% 

V. CONCLUSION 

In this paper, a zero-tuning system that can automatically 

optimize the process parameters in robotic grinding to match 

with the desired quality by grinding was presented. First, a 

cloud-cyber-physical system was developed to accomplish 

system calibration and robot trajectory prediction, along with 

an established cloud database in simultaneous recording of 

the relative data during the grinding process. Next, the 

zero-tuning system combined with a neural network model 

and genetic algorithm was designed to generate the most 

corresponding combination of parameters that could satisfy 

needs. The results of the experiment showed that the average 

error of the output result was 8.93%. In comparison with the 

CNC machine, our solution showed more potential for 

plumbing industry. Future work involves more data 

collection to enhance the robustness of the NN model. Other 

parameters may also be incorporated in the system to improve 

the prediction rate. 
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