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Abstract - With the progress of science and technology, multifunctional rehabilitation robots have 
come into people's lives, so improving the robot's tactile perception has become crucial. This work 
first describes mechatronics and explains relevant technologies and their current applications in 
multifunctional rehabilitation robots. Then, a method of combining the neural network and a 
multifunctional rehabilitation robot’s tactile sensor is proposed, which optimizes the sensor 
through neural network technology, thus improving tactile perception. Finally, Long Short-Term 
Memory (LSTM) is employed to further optimize the model and improve its stability. Comparative 
experiments are conducted to verify the model's effectiveness. The experimental results show that 
25 iterations are the boundary value of the optimization model, regardless of training or testing. 
The learning speed of the first 25 iterations is relatively fast, and the loss of iteration starts to 
decline after the 25 iterations. The decline speed is relatively slow, but the accuracy has become 
higher. With the increase of iteration times, although the loss is still decreasing, the highest 
accuracy rate during the test has reached 97% and it tends towards stability. It proves the 
effectiveness and rationality of the optimized model. The soft and hard recognition of objects is 
distinguished through the second experiment. It suggests that when recognizing soft and hard 
objects, the average recognition accuracy of the model after optimization can reach 0.965, while the 
average recognition accuracy of the traditional model is only 0.915, which further verifies the 
feasibility of the optimized model. Therefore, this work has certain reference significance for 
optimizing multifunctional rehabilitation robots. 
 
Keywords: Mechatronics; Multifunctional rehabilitation robot; Neural network; LSTM; Tactile 
sensor. 

1. Introduction 
 
The multifunctional rehabilitation robot is to 

combine the industrial robot with the medical robot. 

Being a low-cost rehabilitation robot system in the 

world, this kind of robot is the most successful 

system and has been adopted in multiple developed 

countries, which is also one of the crucial 

development directions of robot technology. The 

tactile sensor with high sensitivity and high 

resolution can make the information obtained by the 

robot more abundant and the range of tasks that can 

be performed more extensive [1]. Hence, it is 

significant to analyze and research the acquisition, 

processing and use of tactile information for 

enhancing the robot's perception and improving the 

robot's intelligent interaction level. 

In the research on the optimization of 

multifunctional robots, Zhang et al. (2021) once 

established the human-machine system coordinate 

system based on the equivalent model of human 

lower limb motion, and took the fixed coordinate 

system of the mechanism as the fixed coordinate 

system of the human-machine system. The forward 

kinematics solution of the human lower limb was 

analyzed. Moreover, by combining the position 

expression of the mechanism end and the human 

lower limb end in the relative fixed coordinate 

system, the analytical equation of the inverse 

kinematics solution of the human lower limb was 

obtained. They took the safe working space of the 

rehabilitation robot as the optimization objective, 

the coincidence degree of the robot mechanism end 

and the human lower limb end as the objective 

function, and the ergonomics and the technical 

requirements of the electric push rod as the 

constraint conditions. The genetic algorithm toolbox 

was adopted to modify the mechanism parameters, 



Application of Mechatronics in Multifunctional Rehabilitation Robot 

 

 

International Journal of Mechatronics and Applied Mechanics, 2023, Issue 14 226 

the Monte Carlo method was used to draw the 

optimized image of the safe workspace of the 

rehabilitation robot, and the optimization results 

were analyzed [2]. Lee et al. (2022) first used the 

optical three-dimensional measurement system to 

obtain the gait trajectory of normal human walking. 

Based on this gait trajectory, the robot's structural 

parameters were optimized to maximize the 

workspace. Then, based on this configuration, the 

kinematics of the robot was analyzed, and the 

simulation results of the simulation platform were 

compared and verified. Finally, the compensation 

algorithm’s effectiveness was proven through 

experiments [3]. For the control system of the robot, 

Wang et al. (2021) regarded the patient and the 

robot as a whole, that is, the patient's leg load was 

applied to the link of the rehabilitation robot's 

mechanical leg.  

According to the difference between the 

horizontal and sitting posture of the lower limb 

rehabilitation robot, the dynamics and kinematics 

analysis was conducted to offer a theoretical basis 

for the follow-up control system design and motor 

selection.  

The movement space of three different postures, 

lying down, recumbency and sitting, was studied and 

analyzed respectively. Trajectory planning was 

conducted for different motion modes, and 

corresponding mathematical models were derived. 

Besides, the simulation analysis was carried out 

through Matlab software to determine whether the 

planned trajectory and movement space met the 

needs and provide an important guarantee for the 

effectiveness and safety of the patient's training [4]. 

In the above context, Yin et al. (2021) used the 

coordinate method for kinematics modeling, 

obtained the robot's forward and inverse kinematics 

equations from the known parameters, and solved 

the included angle between the joints by inverse 

kinematics. Then, the robot dynamics modeling was 

conducted and the robot's total kinetic energy and 

total potential energy were calculated. The upper 

limb rehabilitation robot model with five degrees of 

freedom was obtained through the Matlab 

simulation of the set parameters. Sliding mode 

variable structure control is a nonlinear control with 

strong robustness and fast response, which is very 

suitable for the robot control system.  

 

The effect of fuzzy control can well suppress the 

chattering effect produced by the sliding mode 

variable structure control. In this way, the 

rehabilitation robot can conduct rehabilitation 

treatment for the human body more efficiently and 

safely [5]. 

Based on the above background, this work first 

introduces mechatronics and describes relevant 

technologies. Then, the neural network and tactile 

sensor are described, and the neural network is put 

forward to modify the model to improve the tactile 

perception of the robot. Finally, Long Short-Term 

Memory (LSTM) is adopted to further improve the 

recognition accuracy of the model, and comparative 

experiments are carried out. The research 

innovation is to improve the recognition level of 

robots by optimizing sensors through neural 

networks. 

 
2. Optimization of Tactile Perception of 

Multifunctional Rehabilitation Robot 
2.1 Mechatronics 

 
Mechatronics, also known as mechatronic 

engineering, is a kind of mechanical engineering as 

well as automation. It is composed of the former part 

of English mechanical mechanics and the latter part 

of electronics. Mechatronics was initially proposed 

when supplementing the Japanese magazine 

Mechanical Design in 1971. Due to the great progress 

of mechatronics, its concept has been widely 

accepted and applied [6]. Because of computer 

technology’s rapid development as well as wide 

application, mechatronics has achieved 

unprecedented progress. Currently, mechatronics is 

a technology that has a close integration with 

mechanical as well as microelectronic technology, 

and its development has made cold machines 

humanized as well as smart. Mechatronics is a 

synthetic technology, which achieves the organic 

combination of mechanical technology, electrical and 

electronic technology, microelectronics technology, 

information technology, sensor technology, interface 

technology, signal conversion technology and other 

technologies and uses them for practice.  

All modern automatic production equipment can 

be almost taken as mechatronics equipment [7]. 

Figure 1 displays the main applied technologies. 
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Figure 1: Main technologies used in modern automatic production equipment 

 
Among multiple technologies, neural network 

technology is used the most. An electromechanical 
integration system is generally composed of five 
elements: structural elements, power elements, 
motion elements, perception elements, and 
functional elements. The mechanical body 
(structural element) is the mechanical support 
structure of the system’s all functional elements. 
Generally, it includes the body, frame, support, and 
connection. The power drive part (power element) 
offers energy as well as power for the system 
according to the system control requirements to 
ensure the system's normal operation [8]. The test 
sensing part (perception element) detects a variety 
of parameters as well as states of the system itself 
and the external environment required for the 
system's operation, turns them into identifiable 
signals, transfers them to the information processing 
unit, and generates corresponding control 
information after analysis as well as processing. The 
control and information processing part (functional 
element) centralizes, stores, analyzes and processes 
the information from the test sensing part and the 
instructions directly input from the outside. Then, it 
sends corresponding instructions according to the 

information processing results and the specified 
procedures and rhythms to control the purposeful 
operation of the whole system. The actuator (motion 
element) completes the specified actions and 
functions according to the instructions issued by the 
control and information processing part [9]. 

 

2.2 Tactile Sensor 
 

The tactile sensor is critical in robot perception 
tasks and is the key for the robot to detect physical 
properties. With the development of tactile sensor 
technology, various advanced tactile sensors are 
emerging in the current era. Various types of 
integrated and intelligent sensors, such as 
photoelectric, capacitive, and piezoelectric sensors, 
play an essential role in different tasks [10]. The 
tactile sensor selected here uses a piezoresistive 
pressure sensor to measure the pressure, and the 
pressure range is 0-6.89kPa. The sensor outputs a 
positive bias to prevent negative saturation, and 
amplifies it with a 20 gain and a 1750Hz low-pass 
anti-aliasing filter to generate a DC pressure signal. 
The AC pressure and DC pressure per unit area of the 
tactile sensor are expressed through the equation: 
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                               (1) 

 
                                  (2) 

 
 is the sensor signal value under atmospheric 

pressure,  is the generated DC pressure signal, 

 is the AC pressure vibration signal,  is the AC 

pressure per unit area, and  is the DC pressure per 

unit area. It is the premise for the robot to perform 
the operation task to obtain the external 
environment information. There are various types of 
sensors and sensing methods for information 
acquisition. It includes using visual sensors such as 
cameras  to obtain the image of the target object,  
 

temperature sensors to obtain the target object's 
temperature, laser radar to measure the distance 
between different objects, and tactile sensors to 
obtain contact force signals.  

Tactile sensors have unique advantages in 
recognizing the inherent properties of target objects. 
With the soft and hard information of the target 
object as an example, the signal performance 
obtained by the tactile sensor when contacting 
different objects is different [11]. Therefore, on the 
basis of the acquisition and analysis of tactile data, 
this work applies the neural network method to 
feature extraction to accurately recognize the soft 
and hard objects and the category of the object. 
Figure 2 is the research framework. 
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Figure 2: Research framework of object recognition 

 
Humans generally use fingers to squeeze or 

press to sense the soft and hard degree of objects, so 
it is also applicable to rehabilitation robots. If people 
want robots to replace humans to complete the task 

of object touch recognition, robots should try to use 
similar actions. Data collection is mainly divided into 
two stages, as shown in Figure 3. 
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Figure 3: Experimental data collection process (a) Initial stage; (b) Data acquisition stage 
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In order to avoid the possible difference in the 
nature of objects in different shapes, it is essential to 
maintain the stability and validity of the signal when 
grasping objects. For each object sample, two 
principles should be followed. The first is to select 
the posture when the object density is uniformly 
distributed in the direction perpendicular to the axis 
of the dexterous hand to grasp. The second is to try 
to choose a flat surface to contact with the dexterous 
hand to avoid the impact of concave and convex 
surfaces on the sensor [12]. In order to avoid the 
unstable results of single grasping, each object is 
grabbed 50 times under the same experimental 
conditions and tactile data are collected. Each time, 
the above two contact stages are strictly carried out. 

The Robot Operating System is used here. It is an 
open source meta operating system with high 
flexibility and is applicable to the robot field. 

 

2.3 Neural Network 
 

An artificial neural network (ANN) is a technical 
reproduction of a biological neural network in a 
simplified sense. It is a discipline whose primary task 
is to establish a real ANN model on the basis of the 
principle of the biological neural network and 
practical application needs and design the 
corresponding learning algorithm to simulate some 
intelligent human brain activities. Next, the model is 
implemented technically to deal with problems in 
real life. Hence, the biological neural network 
primarily researches the mechanism of intelligence, 
while ANN mainly researches the realization of 
intelligent mechanisms, and the two are mutually 
reinforcing [13]. 

The common features of any type of ANN are 
large-scale parallel processing, distributed storage, 
elastic topology, high redundancy as well as 
nonlinear operation.  

Hence, it has high computing speed, strong 
association ability, adaptability, fault tolerance as 
well as self-organization ability [14].  

These features and abilities form the technical 
basis for ANN to simulate intelligent activities, and 
make ANN have obtained crucial utilization in more 
fields. For example, in the field of communication, 
ANN can be employed in data compression, image 
processing, vector coding, error control (error 
correction as well as error coding detection), 
adaptive signal processing, adaptive equalization, 
signal detection, pattern recognition, Automated 
Teller Machine flow control, route selection, 
communication network optimization, as well as 
intelligent network management [15]. 

Convolutional Neural Network (CNN) generally 
consists of multilayer neural networks such as the 
convolutional layer and pooling layer. It performs 
well in image fields such as image classification, 
target detection, target tracking and other issues. 
The recognition of soft and hard objects is a 
significant problem. One way to obtain rich tactile 
information like human perception is to adopt more 
discrete categories to indicate the degree of softness 
and hardness of objects, and rank objects based on 
the difference of softness and hardness of different 
objects. The purpose is to determine the soft and 
hard labels of each object. This process should be 
finished by multiple experimenters in a real scene. 
Extracting the feature of tactile information is the 
basis of object soft and hard recognition. At present, 
linear neural networks often have the limitation of 
low accuracy in the face of complex problems [16]. 
Hence, many attempts have been made to deal with 
problems through convolution blocks. Using this 
idea for reference, a multiscale CNN model is 
employed to extract tactile information features to 
identify objects' soft and hard degrees and 
categories. Figure 4 displays their structure. 
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(a)                                                                 (b) 

Figure 4: Neural network structure (a) CNN structure; (b) Multiscale CNN structure 
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The convolutional layer performs convolution 

operation on the input layer through the convolution 

kernel to obtain the next layer feature map. The 

pooling layer conducts downsampling on the 

characteristic values in the feature map. There are 

two common pooling methods: maximum pooling 

and average pooling, that is, divide the feature map 

into multiple small feature maps, and then take the 

maximum or average value of the small feature 

maps. Pooling can reduce dimension. When the 

original feature map has small changes, the pooled 

unit may not be affected and the response will not 

change, which greatly enhances the robustness of 

recognition. Convolution and pooling operations can 

greatly reduce network parameters, the difficulty of 

training, and the requirements for computer 

hardware. Finally, the network generally connects 

the full connected layer to complete the classification 

or regression task. The multiscale CNN model has a 

convolution block and a fully connected layer. Each 

convolution block includes the original feature map, 

single-channel feature map as well as multi-channel 

feature map [17]. 

The original feature map corresponds to the size 

of the other two convolutional layers through the 

maximum pooling operation with the core size of 2. 

It does not perform the convolution operation to 

retain the original information. The single-channel 

feature map will first perform a convolution 

operation on the output value of the previous step, 

and then perform a maximum pooling operation to 

correspond to the output shape of the other two 

scales. After obtaining the comprehensive 

information of input features, it is multiplied by a 

weight coefficient to train the network's proportion 

coefficient of single-channel output features. Multi-

channel feature map first performs a convolution 

operation on the output feature map of the former 

step, and then performs a maximum pooling 

operation to correspond with the output shape of the 

other two scales to obtain rich feature information. 

Then, it is multiplied by the convolutional layer’s 

weight coefficient, and the weight coefficient is 

adopted to train the proportion coefficient of multi-

channel output features in the network [18]. The 

three feature maps are spliced into the required 

information on the channel dimension to spread 

forward. 

 
 
 

2.4 Object Multi-attribute Recognition 
Method 

 

The contact between the tactile sensor and the 

object is a continuous process in a complete grasping 

behavior.  

The tactile sensor continuously generates time 

series information during contact. The tactile signal 

at the later time point is developed from the tactile 

signal at the previous time point. It contains the 

interaction and reaction between the object and the 

tactile sensor. Therefore, using tactile information 

with rich temporal characteristics can help identify 

objects' nature. In the current neural network model, 

LSTM and one-dimensional CNN are two kinds of 

networks that can recognize time series. This work 

uses LSTM and one-dimensional CNN to extract the 

time features in the tactile samples, respectively, for 

the research goal of object multi-attribute 

recognition [19]. 

LSTM is a kind of neural network that can 

process temporal characteristics. It includes three 

gates: an input gate, a forget gate, an output gate and 

a memory cell. Its core is the state of cells and a 

variety of gate structures. The cell state plays the 

role of the transmission channel and carries out the 

transmission of related information in the sequence 

chain, which can also be abstracted as the "memory" 

of the network. In theory, the cell state can carry 

related information during the whole process of 

sequence processing. When the cell state continues, 

information is added to or deleted from the cell state 

through the gate [20]. Gates are various neural 

networks. They are adopted to decide what 

information is permitted in the cell state. Some gates 

can know what information to keep or forget during 

training. Based on the requirements of processing 

timing information, and considering the features of 

the tactile data used, this section puts forwards a 

parallel LSTM model and a parallel one-dimensional 

CNN model to realize the research goal of object 

multi-attribute recognition. The two models can 

simultaneously process the tactile temporal 

information of both fingers, fuse and extract the data 

features, thus completing the multi-attribute 

recognition of objects. Figure 5 presents their model 

structure. 
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Figure 5: Neural network model (a) Parallel LSTM model; (b) Parallel one-dimensional CNN model 

 
One-dimensional CNN is a type of CNN. One-

dimensional convolution means that the convolution 

kernel slides along one dimension, which also gives 

one-dimensional CNN the ability to process time-

characteristic information. One-dimensional CNN 

also has the characteristics of the local receptive 

field, convolution weight sharing and sampling, 

which greatly reduces network parameters and 

improves the robustness of the network. With the 

purpose of better showing the model’s effect, various 

evaluation indicators are selected to describe the 

results. Next, the evaluation indicators will be briefly 

introduced. First, the confusion matrix is introduced. 

For object prediction, the object itself is taken as the 

positive example 1, and the other objects are taken 

as the negative example 0. Table 1 is the confusion 

matrix. 

 
Table 1: Confusion matrix 

  Forecast results 

  1 0 

Actual results 1 TP FN 

0 FP TN 

 
TP indicates that the actual value is 1, the 

predicted value is 1, and the forecast result is 

correct. FP indicates that the actual value is 0, the 

predicted value is 1, and the forecast result is 

incorrect. FN indicates that the actual value is 1, the 

forecast value is 0, and the forecast result is 

incorrect. TN indicates that the actual value is 0, the 

predicted value is 0, and the predicted result is 

correct. 

 

3. Comparison of Experimental Results 
of Tactile Perception Optimization of 
Rehabilitation Robot 

3.1 Comparison of Experimental Results of 
the Optimized Model Learning Curve 

 
iCub Grasp Dataset is the currently open tactile 

dataset. All samples in the dataset are selected, and 
classified into the training set and test set in a 4:1 
ratio at random. Moreover, the learning rate of the 
neural network model is set to 0.001, the training 
amount is 64, and the maximum number of 
iterations is 200. Figure 6 displays the experimental 
results. 
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Figure 6: Comparison of learning curve results of 

optimization model (a) Comparison of loss between 
training sample and test sample; (b) Comparison of 
accuracy between training samples and test samples 
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Figure 6 reveals that the learning speed is faster 
in the first 25 iterations, regardless of training or 
testing. After 25 iterations, the loss decreases slowly, 
but the accuracy reaches a higher level. With the 
increase of the iteration times, although the loss is 
still decreasing, the highest accuracy rate during the 
test has reached 97% and is stable. It shows that the 
accuracy of this model is excellent. Although the loss 
and accuracy learning curve during training and 
testing are obtained through experiments, for 
different soft and hard degrees of objects, the 
perception of each soft and hard degree helps to 
understand the CNN model’s recognition effect more 

accurately, so the model has a huge demand for 
samples. 

 
3.2 Comparison of Experimental Results of 

Recognition Accuracy between 
Optimized Model and Traditional Model 

 
The Human Grading Database dataset classifies 

the soft and hard objects and marks them with 1-10, 
of which 1-5 objects are soft and 6-10 objects are 
hard. The experiment uses optimized and traditional 
models to identify the dataset's soft and hard objects. 
Figure 7 presents the result of recognition accuracy. 
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Figure 7: Comparison of experimental results between traditional model and optimized model 

 (a) Comparison of soft object experiment results; (b) Comparison of hard object experiment results 
 

Figure 7 illustrates that when recognizing soft 
objects, the maximum recognition rate of the 
optimized model can reach 0.97 and the minimum is 
0.95, while the maximum recognition rate of the 
traditional model is only 0.92 and the minimum is 
0.81. When recognizing hard objects, the highest 
recognition accuracy of the model after optimization 

is 0.97 and the lowest is 0.95. The highest 
recognition accuracy of the traditional model is 0.95 
and the lowest is 0.88. Therefore, the effectiveness of 
the optimized model is verified. Meanwhile, no 
matter how hard or soft the object is, the average 
recognition accuracy of the model after optimization 
can reach 0.965, which is much higher than that of 
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the traditional mode. It also suggests that the 
stability of the optimized model is better. 
 

4. Conclusions 
 
The advent of multifunctional rehabilitation robots 
has provided great help to help patients recover. 
Therefore, the optimization of multifunctional 
rehabilitation robots is extremely important. This 
work optimizes the robot by optimizing its tactile 
sensor and improving its recognition accuracy. First, 
mechatronics is introduced. Its current application in 
multifunctional rehabilitation robots and related 
technologies are explained. Then, the tactile sensor 
of the multifunctional rehabilitation robot is 
described. Moreover, the optimization scheme of 
introducing a neural network is proposed to improve 
the tactile perception of the robot by applying the 
features of CNN. The LSTM is introduced into the 
object multi-attribute recognition method to further 
improve the model’s recognition accuracy. Finally, 
the rationality and effectiveness of the optimized 
model are verified by comparative experiments. The 
experimental results show that the learning speed of 
the model after optimization is relatively fast in the 
first 25 iterations, and the loss of iteration starts to 
decline after 25 iterations. The decline speed is 
relatively slow, but its accuracy reaches a higher 
level. With the increase of the iteration times, 
although the loss is still decreasing, the highest 
accuracy rate during the test has reached 97%, and it 
tends to be stable, which can explain the 
effectiveness and rationality of the optimized model. 
Through the second experiment, the Human 
Grasping Database dataset is selected to distinguish 
the soft and hard objects. The final experimental 
results show that in the recognition of soft and hard 
objects, the average recognition accuracy of the 
model after optimization can reach 0.965, while the 
traditional model is only 0.915. Moreover, the 
minimum recognition accuracy of the model after 
optimization is 0.95, which further verifies the 
feasibility of the model. 

There are also some research deficiencies. On the 
one hand, when the robot perceives soft and hard 
objects, it only requires the robot to touch, not to 
train the sample through grasping and other actions, 
which may lead to deviation in the results. In the 
subsequent research, the grasping and other actions 
of multifunctional rehabilitation robots will be added 
for training. On the other hand, in the use of the 
neural network, if the loss value drops to a certain 
zero point, the gradient will disappear, which will 
also lead to errors in the optimized model. The 
problem of gradient disappearance will be 
considered in future research and the model will be 
improved. 
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