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Affected by artificial intelligence and automation technology, robotic arms have become increasingly 

widespread. However, traditional impedance control algorithms have been unable to adapt robotic arms 

to increasingly complex environmental changes. Therefore, an adaptive impedance control algorithm 

based on variable stiffness, neural networks, and motion trajectories is developed. Then, it is used for 

intelligent control of robotic arms. This method employs an impedance relationship model and 

dynamically optimizes inertia, damping, and stiffness parameters through PD algorithm. The physical 

quantities such as joint angular acceleration and end displacement are input into the neural network, 

which outputs key stiffness and interference to estimate the unknown environment in real-time. An 

adaptive trajectory generation module is designed and combined with contact force feedback to achieve 

collaborative optimization. The experimental results showed that in terms of contact force with the 

environment, the error rate between the contact force controlled by this algorithm and the expected value 

was about 2%. In terms of joint position, the error between the selected joint position in the experiment 

and the expected value was kept within 0.5%. When running under the motion trajectory generated by the 

algorithm, the error of each parameter value was less than 1%. The adaptive impedance control algorithm 

can significantly improve the stability, accuracy, and safety of robotic arm control. The research results 

have potential applications in improving the environmental adaptability of robotic arms. 

Povzetek: Prispevek predstavlja adaptivni algoritem impedance za robotske roke, ki združuje 

spremenljivo togost, nevronske mreže in prilagodljivo generiranje trajektorij. Metoda omogoča sprotno 

oceno okolja ter izboljša stabilnost, točnost in varnost interakcije v neznanih in dinamičnih okoljih. 

 

1 Introduction 
The continuous development of artificial intelligence and 

automation technology has driven the continuous growth 

of the robotic arm industry. Various robotic arms have 

been extensively applied in various fields. As the tasks that 

robotic arms need to perform become increasingly 

complex, their performance requirements are also 

becoming higher [1]. In the current tasks performed by 

robotic arms, most of them require interaction with the 

environment, which can generate contact forces with the 

environment for various reasons, thereby affecting the 

torque and robotic arm position. To ensure the smooth 

progress of the task, it is necessary to effectively control 

the position and force, making it adaptable to a certain 

extent. Impedance control algorithm is one of the main 

methods for implementing adaptive control. It can adjust 

the dynamic characteristics of the robotic arm, estimate 

environmental parameters, and achieve precise control of 

the robotic arm [2]. Therefore, scholars at home and 

abroad have conducted various studies on impedance 

control algorithms. To accurately control the foot position 

and legs of the quadruped robot, Pedro et al. used 

impedance control for each leg of the quadruped robot and 

generated reference trajectories using a sixth order Bezier 

curve. These trajectories were derived from the leg  

 

velocities in the planar kinematic model, which were used 

for body control. The test results demonstrated its  

effectiveness, enabling the robot to track the reference 

trajectory while exhibiting stable walking and running 

gaits [3]. Jing et al. designed an adaptive dual loop 

impedance control for controlling the interaction force 

between a dual arm manipulator and an object in an 

unknown environment. The proposed method satisfied 

three control objectives, including object trajectory 

tracking, internal force control between the object and the 

arm, and interaction force control between the object and 

the unknown environment. Finally, the stability 

verification was provided based on the Lyapunov method 

and the Routh criterion [4]. When a dual arm robot comes 

into direct contact with the external environment, it is 

crucial to control the interaction forces between the two. 

Therefore, Li et al. designed an impedance control based 

on particle swarm optimization to track the interaction 

forces and achieve compliant control of the robot end-

effector. The system had a steady-state within 0.03 s, with 

overshoot convergence. Even under sudden force changes, 

the range of force fluctuations in steady-state reduced to 

around ±0.08 N [5]. Pengyu et al. proposed an equivalent 

stiffness impedance control to improve the accuracy of 

position tracking for hydraulic single leg robots. The 
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designed strategy achieved fast response speed and high 

tracking accuracy. In addition, the mechanical 

characteristics near the required location were 

approximate to traditional strategies [6]. Xuhui et al. 

proposed an adaptive impedance control method for  

Table 1: Comparison of existing research work. 

Author Methods 
Adoption of 

technology 
Target systems 

Performance 

indicators 
Limitations 

Pedro et al. [3] 
Leg impedance 

control 

Double loop 
impedance+Lyapunov 

stability 

Quadruped robot 
Trajectory Tracking 
Accuracy, Gait 

Stability 

Depends on 
predefined 

trajectories, resulting 

in poor 
environmental 

adaptability 

Jing et al. [4] 
Adaptive dual-loop 

impedance control 

Double loop 

impedance+Lyapunov 
stability 

Dual-arm robot 

Internal and External 

Force Tracking 
Accuracy 

Complex controller 
structure, 

challenging real-time 

performance 

Li et al. [5] 

Particle swarm 

optimization 

impedance control 

Impedance 

control+PSO 

optimization 

Industrial robot 
Overshoot, 
Convergence Time 

Time-consuming 

optimization 

process, making 

online parameter 
adjustment difficult 

Pengyu et al. [6] 
Equivalent stiffness 
impedance control 

Equivalent stiffness 
model 

Hydraulic single-leg 
robot 

Position Tracking 

Accuracy, Response 

Speed 

Insufficient 

generalization for 
specific hydraulic 

systems 

Xuhui et al. [7] 
Kalman filter 

impedance control 

Impedance 

control+Kalman filter 

Blade polishing 

robot 

Force Fluctuation, 

Surface Roughness 

Filter performance 
relies on an accurate 

environmental model 

Yanan et al. [8] 
Variable impedance 

control 

Variable impedance 

parameter 
Legged robot Foot Compliance 

Limited to numerical 

simulation, lacking 
real-world validation 

 

blade polishing based on Kalman filtering. This strategy 

analyzed the effects of stiffness and displacement changes 

on polishing force, and established a stiffness 

displacement coupling compensation model. The results 

showed that in the blade polishing experiment, compared 

with traditional methods, the roughness of this method 

was reduced to Ra0.32 μm or less, and the polishing force 

fluctuation range was within ± 1N, effectively improving 

the force control performance and blade surface quality 

[7]. The traditional impedance control parameters are 

fixed and subject to fixed-point constraints. To enhance 

the compliance of robot feet and achieve flexible 

interaction with the ground in complicated conditions, 

Yanan et al. built a variable impedance control. The 

effectiveness was verified through numerical simulation 

in MATLAB [8]. The existing research is shown in Table 

1. 

To sum up, although the existing impedance control 

has introduced modules such as online parameter 

adjustment, single neural network, or trajectory 

optimization, the existing fixed order impedance is 

difficult to give consideration to both rapid response and 

overshoot suppression, and the high-order or fractional 

order models lack real-time analytical means. In addition, 

the stiffness, damping, and trajectory of existing methods 

are adjusted through independent links connected in 

series, and the one-way transmission of information 

makes it difficult to obtain the overall optimal solution. In 

terms of collaboration, environment estimation, actuator 

saturation, and motion planning are separate. When 

stiffness jumps or force suddenly changes, the targets of 

each module conflict, and the system is prone to jitter and 

instability. 

Therefore, this study aims to design a real-time 

adaptive impedance controller to break through the 

contradiction between real-time performance and stability 

of existing methods, build a collaborative closed-loop for 

environmental perception, dynamic adjustment, and 

trajectory optimization to solve the error accumulation, 

adapt to unstructured job requirements, and avoid system 

jitter. The controller adopts a 3-layer fully connected 

feedforward neural network, with the input layer 

containing physical quantities related to the motion and 

force of the robotic arm, the hidden layer using ReLU 

activation function, and the output layer using Tanh 

activation function to output environmental key 

parameters. The neural network training adopts Adam 

optimizer and mean square error loss function, and the 

variable stiffness parameters are fine tuned online through 

PD iterative algorithm. The simulation platform is built 

based on the dynamic parameters of the robotic arm and 

supports environment and disturbance simulation. The 

physical experiment platform includes the robotic arm, 

force sensors, and contact environment, and is equipped 

with data acquisition and control software. Thus, an 

adaptive impedance control algorithm is established, 

which integrates variable stiffness, neural networks, and 

motion trajectories. 

The innovation of this study lies in proposing an 

integrated control architecture that integrates variable 

stiffness regulation, neural network online learning, and 

adaptive motion trajectory generation. Compared with 

traditional impedance control that relies solely on fixed 

parameters or a single compensation method, this 

architecture enhances its responsiveness to dynamic 

environments through online stiffness adjustment. By 
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combining neural networks for real-time estimation and 

compensation of unknown environmental parameters and 

system nonlinearity, the trajectory generation module 

further coordinates and optimizes position and contact 

force, thereby significantly improving the control 

accuracy and adaptability of the robotic arm in  
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Figure 1: Kinematic model of a single joint of a robotic arm. 
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Figure 2: Overall structure and kinematic analysis of the robotic arm. 

unstructured environments while maintaining system 

stability. The contribution of this research is to estimate 

the unknown environmental parameters and system non-

linearity in real-time according to the neural network, use 

the variable stiffness impedance controller to dynamically 

adjust the interactive dynamic characteristics, and take the 

trajectory generator to output the real-time motion path. 

The collaboration of the three provides an effective 

solution for achieving high-precision, high flexibility, and 

high intelligence interactive control of robotic arms in 

unknown and uncertain environments. 

2 Intelligent control of robotic arm 

based on adaptive impedance 

control algorithm 

2.1 Motion analysis of robotic arm 

The analysis of the motion process of a robotic arm is the 

basis for implementing impedance control, which reveals 

the motion relationship between the coordinate systems of 

each connecting rod of the robotic arm. It is essential for 

intelligent control of the robotic arm [9]. A kinematic 

model of a single joint of the robotic arm is firstly 

established to analyze, as shown in Figure 1. 

From Figure 1, the adjacent sleeves of the robotic arm 

are connected by universal joints. The platform where the 

coordinate system O1 is located is a fixed platform, which 

is connected to the root rope. The platform where the 

coordinate system O2 is located is a moving platform, 

close to the end-effector. The two are connected by three 

extendable links, and the three connection points are 

evenly distributed around the circumference of the 

platform. Based on the coordinates of the two ends of the 

connecting rod on the platform, the length of the 

connecting rod can be calculated, as shown in equation 

(1). 

( , , ), 1, 2,3i Ai BiL Q Q f r L i= − = =   (1) 

In equation (1), 
iL  is the length of each connecting 

rod. 
AiQ  is the homogeneous coordinate of the connecting 

rod on the moving platform. 
BiQ  is the homogeneous 

coordinate of the connecting rod on the fixed platform.   

is the rotation angle. r  is the platform radius. L  is half 

the platform distance. This indicates that as long as a 

certain joint rotation angle variable is given, the 

corresponding connecting rod length variable can be 

obtained [10]. A robotic arm generally has multiple joints, 

and the calculation method for each joint is the same as 

that for a single joint. Therefore, the changes of the 

connecting rod length at each joint can be obtained. The 

kinematic analysis of the entire robotic arm can be 

achieved, as shown in Figure 2. 
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The robotic arm controls the rotation angle of each 

joint universal joint by varying the connecting rod length, 

and the rotation angle ultimately determines the spatial 

position of each joint. The kinematic analysis of a robotic  
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Figure 3: Adaptive impedance control of robotic arm. 

arm actually analyzes the relationship between changes in 

connecting rod length, joint angles, and the spatial 

position of the end-effector [11]. From Figure 2, the length 

change of the connecting rod is a variable of the robotic 

arm drive part. The rotation angle is a variable of the joint 

part, and the end spatial position is a variable of the 

actuator part. There are two kinematic modes between 

these three parts. FK1 and FK2 represent forward 

kinematics, where the robotic arm calculates the specific 

spatial position of the end-effector using preset connecting 

rod lengths and joint angles. IK1 and IK2 represent inverse 

kinematics. With the known spatial position of the end-

effector, the rotation angles of each joint are calculated 

through inverse kinematics, and the corresponding 

connecting rod lengths of each joint are obtained. Under 

the combined action of two kinematic modes, the robotic 

arm achieves motion and operation in space through motor 

drive [12]. 

2.2 Adaptive impedance control of robotic 

arm 

The robotic arm often comes into contact with the 

environment during actual operation, which inevitably 

affects the rotation angles of each joint, leading to changes 

in the overall motion of the robotic arm. To achieve 

stability in the motion process, impedance control 

technology is adopted. However, the existing impedance 

control is difficult to meet the operational requirements of 

the robotic arm and needs to be improved. A adaptive 

impedance control method with varying stiffness is 

designed to address the transient performance of robotic 

arms that cannot be guaranteed due to parameter changes 

in impedance control, as shown in Figure 3. 

From Figure 3, this method first calculates the 

impedance relationship between the robotic arm and the 

environment in a specified direction in space, as shown in 

equation (2). 

( ) ( ) ( )' '

0a b a b b a fm v v b v v k x x f f e− + − + − = − = (2) 

In equation (2), m , b , and k  signify the inertia, 

damping, and stiffness coefficients of the robotic arm. x  

represents the position of the end-effector. 
av  represents 

the speed of the end-effector. 
'

av  represents the 

acceleration at the end-effector. 
0x  represents the 

trajectory of mechanical motion. 
bv  represents the robotic 

arm’s speed, and 
'

bv  represents the acceleration. 
bf  

represents the contact force between the robotic arm and 

the environment. 
af  represents the contact force 

threshold. fe  represents the contact force error value. To 

reduce environmental errors and improve control 

robustness, the PD algorithm is utilized for iteration, as 

shown in equation (3). 

      ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )a b a b a bf t f t f t f t f t f t f t f t


   


= − + − + − − − − −

(3) 

In equation (3), ( )f t  represents the compensation 

amount.   represents the sampling period.   and   

represent learning rates. After reducing environmental 

errors, adaptive impedance control is applied to optimize 

the contact force error between the environment and the 

robotic arm, reducing the impact, as shown in equation (4) 

[13]. 

2 2

0

1 1
( ) [ ( ( ) ]

2
f fw t e f t f ce

b

 

= − − + 
 

  (4) 

In equation (4), ( )w t  represents the optimized 

objective equation.   represents the weight coefficient of 

the compensation bias term. c  represents the weight 

coefficient of the initial error term. Among them, the first 

item 2

0

1
[ ( ( ) ]fe f t f
b

 − −  can reflect the deviation 

between the compensated contact force ( )f t  and the 

reference force 
0f , while the second item 

2

fce  represents 

the initial contact force error fe . By optimizing the 

objective equation, it is possible to balance compensation 

accuracy and initial error suppression. To ensure the 

stability of the end-effector transient performance, it is 

also necessary to reduce the impact of end-effector 

position errors, as shown in equation (5). 
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1 ( )
( ) ( ) ( )

t

p

de t
u t K e t e t dt T

T dt

 
= + + 

 
   (5) 
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Figure 4: Impedance control of robotic arm based on adaptive neural network. 

In equation (5), ( )u t  represents the optimized value. 

pK  represents the scaling factor. ( )e t  signifies the error. 

T  signifies the motion time. To solve the poor 

adaptability and insufficient accuracy to the environment 

when using impedance control to adjust the position, the 

impedance control is combined with adaptive neural 

network to improve its performance in unknown 

environments, as shown in Figure 4. 

From Figure 4, this method has made a quadratic 

correction to the impedance relationship between the end-

effector and the environment represented in equation (2), 

as shown in equation (6). 

( )0 ( )f b a e e e p f ae f f k x k x x h s e f= − = − + + −  (6) 

In equation (6), 
ek  represents the environmental 

stiffness. 
ex  represents the environmental location. px  

represents the correction amount. ( )h s  represents the 

impedance transfer function. By introducing 

environmental stiffness and correction variables, the 

initial impedance relationship is optimized twice to enable 

the dynamic response characteristics of the robotic arm to 

adapt to the physical characteristics of the environment in 

real-time, avoiding overshoot or response lag problems of 

traditional fixed impedance in software and hardware 

environments. Then, an adaptive neural network is used to 

estimate the unknown parts in the environment, as shown 

in equation (7) [14]. 

( )*

1 1 1 2 1 1

T d e

a a a

e e e e

f k kb m
W h x x

k kk kk kk
  

+
+ = − − − −    (7) 

In equation (7), 
*

1

TW  represents the weight vector of 

the unknown part in the environment. 
*

1W  represents the 

optimal weight value. ( )1h   represents the activation 

function of the neural network. 
1  represents the 

characteristic parameter. 
1  represents the error value. 

1ax  and 
2ax  represent displacement variables. 

1a  

represents joint angular acceleration. The estimated value 

obtained can be used to achieve the expected position in 

an unknown environment. To improve the impedance 

control effect, it is necessary to analyze the output 

characteristics of the joint motor that provides the robotic 

arm torque, as displayed in equation (8). 

2 1 1 1( ) ( , ) ( ) ( ) ( )n dM q q C q q q G q f q S + + + + =      (8) 

In equation (8), M  signifies the inertia matrix. q  

signifies the joint position. 
2q  signifies the joint 

acceleration. C  represents the centrifugal force. 
1q  

represents the joint velocity. G  represents the gravity. 
nf  

represents the frictional force. 
d  represents the external 

interference.   represents the torque. S  represents the 

saturation function. After obtaining the output power 

model of the robotic arm joint motor, an adaptive neural 

network is used to optimize it and reduce the instability 

caused by its saturated output, as shown in equation (9). 

( )*

2 2 2 1 1

T

b b n dW h C G M f    + = + + + +        (9) 

In equation (9), 
*

2W  represents the optimal weight 

value. C  represents a constant matrix. 
1b  represents the 

position vector. M  represents the quality matrix. 
1b  

represents the velocity vector. The optimized joint motor 

output power model is shown in equation (10) [15]. 

b

T

Li Ri K q u

K i 





+ + =

=
                         (10) 

In equation (10), L , R , 
bK , and 

TK  represent 

diagonal matrices. i  represents the current vector of the 

joint motor. u  represents the input voltage of the joint 

motor. By clarifying the quantitative relationship between 
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electrical parameters and mechanical parameters, it 

ensures that the dynamic characteristics required for 

impedance control can be achieved through the actual 

driving of the motor, avoiding unstable control caused by 

the disconnection between algorithm instructions and 

hardware capabilities. Finally, as impedance control  
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Figure 5: Impedance control for adaptive generation of motion trajectories. 

requires the the motion trajectory, and the methods for the 

motion trajectory of the robotic arm vary in different 

environments, a impedance control method that can 

adaptively generate the motion trajectory is proposed, as 

displayed in Figure 5. 

From Figure 5, this method first estimates the 

surrounding environmental information based on the end 

contact force, thereby determining a preliminary motion 

trajectory, as displayed in equation (11). 

( )ˆ ˆ ˆ

ˆ
ˆ

e e e d

d

r e

e

f k x x

f
x x

k

= −

= −







                         (11) 

In equation (11), 
df  represents the estimated contact 

force. ˆ
ek  represents the estimated contact stiffness. ˆ

ex  

represents the estimated contact location. 
dx  signifies the 

expected position. 
rx  signifies the motion trajectory. 

df  

signifies the expected contact force. The impedance 

control is used to perform secondary adjustments on the 

obtained motion trajectory to obtain the corrected end-

effector of the robotic arm, which is then input into the 

position controller to improve impedance control of the 

contact force at the robotic arm end [16], as shown in 

equation (12). 

0 2 0 0 0 0 1( )C x G M u M M z = + + + + −           (12) 

In equation (12),   signifies the robotic arm torque. 

0C  signifies the power coefficient. 
2x  represents the joint 

angle variable.   represents the position variable. u  

represents the input item. 
1z  represents the error variable. 

To further reduce the error of the motion trajectory, except 

for improving the impedance control of its end contact 

force, it is also necessary to improve the impedance 

control of its position, as shown in equation (13). 

2 1 1( ) ( , ) ( )M q q C q q q G q =  + +           (13) 

In equation (13), M , C , and G  represent the 

position error coefficients. By compensating for the error 

value of the position, its impact on impedance control can 

be reduced [17]. This can enable the algorithm to generate 

adaptive motion trajectories that meet the accuracy 

requirements of contact force and position as much as 

possible. 

2.3 Intelligent control application of 

robotic arm 

In the designed adaptive impedance control method, 

variable stiffness impedance adjustment is the basic 

control layer, which compensates for initial environmental 

errors through PD algorithm, dynamically adjusts inertia, 

damping, and stiffness coefficients, and provides flexible 

dynamic characteristics for the robotic arm to adapt to 

environmental contact, solving the poor transient 

performance in traditional fixed parameter impedance 

control. As the core perception and optimization layer, 

neural networks can provide real-time environmental 

input for variable stiffness estimation through unknown 

environmental parameters, and provide stable actuator 

output for variable stiffness adjustment through motor 

parameter tuning, avoiding control deviation caused by 

external interference. Adaptive motion trajectory is the 

final execution layer, which generates preliminary 

trajectories based on environmental estimation 

information output by neural networks, and then uses 

variable stiffness impedance control to make secondary 

adjustments to the trajectories, ensuring that the robotic 

arm meets the control objectives of stable contact force 

and precise position in the position environment. The 

intelligent control of the robotic arm is shown in Figure 6. 

From Figure 6, after receiving the target command, 

the robotic arm first needs to analyze its kinematic 

characteristics, then plan the motion trajectory based on 

the surrounding environmental information, and finally 

optimize the obtained motion trajectory through adaptive 

impedance control algorithm [18]. The adaptive 

impedance algorithm takes a PID controller to calculate 

the error, as shown in equation (14). 

0
( ) ( ) ( ) ( )

t

u t Kp e t Ki e t dt Kd e t=  + +           (14) 
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In equation (14), ( )u t  represents the output value. 

Kp , Ki , and Kd  signify proportional, integral, and 

differential coefficients. ( )e t  signifies the error change  
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Figure 6: Intelligent control process of robotic arm. 

Table 2: Pseudo code for adaptive impedance control. 

Algorithm: Adaptive Impedance Control 

# Init: W(NN weights), K0=500N/m, F_max=100N, e_F_prev=0 

while Task running: 
    F_act,q_act=Read_Sensors(); e_F=F_des-F_act; e_q=q_des-q_act  # Data 

    if F_act>F_max: D=500Ns/m; Limit_Current(); continue  # Safety 

    K_corr=NN_Forward([e_F,(e_F-e_F_prev)/T],W); W=Update_NN(W,K_corr)  # NN 
    K=K0+K_corr; F_final=K*e_q+D*(q_dot_des-(q_act-q_act_prev)/T)  # Impedance 

    τ=M*q_ddot_traj+F_final; Output_Voltage(τ/K_T)  # Motor Ctrl 

    e_F_prev=e_F; q_act_prev=q_act  # Update States 

 

rate. After obtaining the error value, it is optimized, as 

shown in equation (15). 

( ) ( ) - ( )de t l t l t=                            (15) 

In equation (15), ( )dl t  signifies the expected 

position. ( )l t  signifies the actual position [19]. After 

optimizing the motion path, it is input into the execution 

module. After the robotic arm starts running, real-time 

contact force and position signals of the robotic arm are 

collected through sensors and input back into the adaptive 

impedance controller. If the signal is abnormal, it will be 

adjusted again to achieve intelligent control [20]. The 

pseudo code for adaptive impedance control is shown in 

Table 2. 

2.4 Neural network online learning 

mechanism 

The online learning of neural networks takes the 

difference between the expected contact force and the 

actual contact force, as well as its first-order rate of 

change, as the two-dimensional input signal, with the 

target output being stiffness correction. The network uses 

stochastic gradient descent and completes forward and 

backward propagation once every 1 ms control cycle, with 

a fixed learning rate of 0.01. When the absolute value of 

the force error exceeds 2 N or the rate of change is greater 

than 5 N·s-1, the learning rate instantly increases to 0.05 

and remains at 50 ms, while the gradient norm is clipped 

to within 2.0 to prevent weight divergence. The sliding 

window retains the last 500 samples, and the weight of 

historical samples decays exponentially by 0.995, 

allowing the network to continuously forget outdated 

information and quickly adapt to changing environments. 

A single iteration takes less than 0.2 ms and can run in 

real-time at a frequency of 1 kHz without the need for 

offline retraining to complete environment switching. 

3 Control effects of adaptive 

impedance algorithm 

3.1 Effects of adaptive impedance control 

with variable stiffness 

In this study, the UR5 CB3 six-degree-of-freedom 

manipulator is used, the base is fixed horizontally, and the 

ATI mini45 six-dimensional force sensor is installed on 

the end flange. The sampling frequency is 1 kHz, and the 

resolution is 0.06 n. The plane test is carried out on a 20 

mm thick acrylic plate, and the surface test is successively 

covered with a 5 mm sponge and a 2 mm aluminum plate 

to form a stiffness jump environment. The room 

temperature is maintained at 23 ℃ and the humidity is 

45% RH. The variable damping impact control is taken as 

the comparison algorithm, so that the damping adjustment 

range is 20-200ns/m, the inertia matrix is 2.5 times the 

identity matrix, and the stiffness matrix is 800 times the 

identity matrix. For the proposed variable stiffness 

adaptive impedance control method, the variable stiffness 

range is 200-1,200 NGM, the damping is adjusted 

synchronously according to the damping ratio of 0.707, 

and the inertia matrix is 2.5 times the identity matrix. The 

dimension of stiffness decision network is 2, the hidden 

layer is 1, containing 64 neurons, and the learning rate is 

0.01. Online random gradient descent is used for training. 
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The dimension of trajectory prediction network is 3, the 

hidden layer is 1, including 32 neurons, the activation 

function is Tanh function, the maximum number of 

iterations is 200, and the learning rate is 0.001, which is 

optimized offline by Adam optimizer. All experiments are 

independently repeated 5 times. 
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（a）Comparison chart on the plane
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（b）Comparison chart on curved surface
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Figure 7: Comparison results of contact force and position of robotic arm. 
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（a）Joint position analysis result chart
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（b）End contact force and position result diagram
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Figure 8: Analysis results of contact force and position between joints and ends. 

To demonstrate the effectiveness of variable stiffness 

adaptive control, a comparative analysis is conducted 

under the same environment and given parameters, as 

shown in Figure 7. 

When conducting experiments on a plane, the 

expected contact force was set to 60 N and the motion 

trajectory was set to 0.23 m. From Figure 7 (a), when using 

the comparative algorithm for control, the contact force 

between the robotic arm and the environment after 

stabilization was around 70.3±2.5 N, which was about 

10.3±1.3 N higher than that of the preset contact force 

value. The algorithm is prone to sudden force changes due 

to environmental factors at the moment of contact, 

resulting in poor stability. In contrast, the algorithm 

proposed in this article controls the steady-state contact 

force within ±2% of the set value, significantly reducing 

fluctuations with a 95% confidence interval of [59.1, 61.3] 

N, demonstrating better tracking performance and 

stability. The robotic arm operates according to 

predetermined instructions in the plane, thereby 

significantly improving operational accuracy and safety. 

From the position of the robotic arm during operation, the 

proposed algorithm also made the robotic arm more 

accurately preset the reference trajectory compared with 

the comparative algorithm, while the comparative 

algorithm had certain errors. When conducting 

experiments on curved surfaces, the study changed the 

parameter values of contact force and motion trajectory, 

as shown in Figure 7 (b). When using the designed method 

to control the contact force and operating environment 

position, the contact force and motion trajectory of the 

robotic arm were closer to the set parameter values, which 

was the same as in the planar experiment, improving the 

control accuracy and operational stability. To further test 

the control effect, two joints of the robotic arm are selected 

for analysis, as shown in Figure 8. 

The standard value of the contact force in the 

experimental setup is 30N, and the motion trajectory of the 

end of the robotic arm is 0.21m. The robotic arm maintains 

a constant speed during operation. From Figure 8 (a), the 

positions of joint A and joint B differed significantly from 

the command value at the beginning of the robotic arm 

startup. Under the control of the proposed method, their 

positions were quickly adjusted to reach the command 

value and remained stable during operation. The joint 

position error after stabilization was small, only about 

0.9%±0.1%, The 95% confidence intervals were [0.007, 

0.009] rad and [0.008, 0.010] rad, respectively. This 

indicates that the algorithm has a fast response speed, 

which can quickly control and adjust joints with errors 
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based on input values to meet the needs of robotic arm 

operation. From Figure 8 (b), after the joint position error 

was eliminated, the contact force and position at the end 

of the robotic arm were correspondingly corrected to near 

the preset standard  

Table 3: Performance comparison with frontier control methods. 

Indicator 

Steady-state 

contact force error 
(N) 

Maximum 

trajectory 
deviation (mm) 

Recovery time 

(s) 

Single cycle 

CPU time 
(ms) 

Controller 

tuning 
frequency 

Method 

Fractional order practical fixed 

time synchronous adaptive 

fuzzy control 

2.9±0.3 5.1±0.4 0.85±0.05 3.1±0.2 5 

Output feedback projection lag 

synchronous control 
2.4±0.2 4.3±0.3 0.72±0.04 2.8±0.1 4 

Robust Neural Adaptive 

Control 
1.8±0.2 3.2±0.2 0.55±0.03 4.5±0.3 3 

Adaptive backstepping control 3.9±0.4 3.9±0.3 0.68±0.04 2.2±0.1 4 

Nonlinear Optimal Control of 

Induction Motor Driven Gas 

Compressor 

1.9±0.2 3.5±0.3 0.59±0.03 2.6±0.1 3 

Single joint flexible arm DC 

motor backstepping control 
2.1±0.2 3.7±0.3 0.65±0.04 2.4±0.1 3 

The proposed method 0.6±0.1 1.5±0.1 0.32±0.02 1.9±0.1 1 
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Figure 9: Analysis results of contact force and joint torque of robotic arm. 

value in about 0.6s and remained stable overall during 

operation. After the contact force stabilized, there was an 

error of about 0.6±0.2N, with an error rate of about 

2%±0.3%, the 95% confidence interval was [29.4,30.4] N. 

After the end-effector stabilized, there was an error of 

about 3±1mm, with an error rate of about 1.5%±0.1%, 

95% confidence interval [0.2094, 0.2100] m. This proves 

the effectiveness of the control effect. To further validate 

the performance of the proposed adaptive impedance 

control algorithm based on variable stiffness, neural 

network, and motion trajectory, fractional order practical 

fixed time synchronous adaptive fuzzy control [11], 

output feedback projection lag synchronous control [12], 

robust neural adaptive control [13], adaptive backstepping 

control [14], nonlinear optimal control of induction motor-

driven gas compressor [16], and single joint flexible arm 

DC motor backstepping control [17] are selected as 

comparative methods. The fractional order practical fixed 

time synchronous adaptive fuzzy control has an order of 

0.95, 49 fuzzy rules, and a fixed time convergence 

parameter of 2 s. The high gain observer poles of the 

output feedback projection lag synchronous control are 

uniformly set at negative 100 rad·s-1, with a lag window 

of 0.1 seconds. The robust neural adaptive control RBF 

network adopts a width of 1.0, 81 nodes, and a robust gain 

of 10. The virtual control law gains of adaptive 

backstepping control are 5 and 20, respectively. The cost 

function weight matrix Q diag for nonlinear optimal 

control is 100, the R diag is 0.1, and the iterative solution 

step size is 1 ms. The virtual angular velocity gain for 

flexible arm DC motor backstepping control is set to 15, 

and the motor current gain is set to 50. All methods are run 

on the same UR5 platform. The steady-state contact force 

error, maximum trajectory deviation, recovery time, single 

cycle CPU time, and controller tuning frequency of 

different algorithms are compared, and the results are 

shown in Table 3. 

From Table 3, the steady-state contact force error of 

the proposed method was 0.6±0.1N, with a decrease of 

66.7% compared to the sub-optimal robust neural adaptive 

control method. The maximum trajectory deviation was 

1.5±0.1mm, which was 53.1% shorter than that of the sub-

optimal robust neural adaptive control method. The 

recovery time was 0.32±0.02 s, which was 41.8% faster 

than that of the sub-optimal robust neural adaptive control 

method. The single cycle CPU time was 1.9±0.1ms, which 

was 20.8% less than that of the sub-optimal single joint 

flexible arm DC motor backstepping control. Only one 

time was needed to complete parameter tuning, which was 

significantly better than that of other schemes. The above 

results indicate that the proposed method can achieve 

higher accuracy, faster response, and lower computational 
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power requirements simultaneously in complex 

perturbation environments. 
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（a）Reference trajectory and contact force analysis diagram
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（a）Joint position analysis result chart
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Figure 10: Analysis of the motion trajectory, contact force, and joint position of the robotic arm. 
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（a）Curve diagram of changes in connecting rod position
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Figure 11: Schematic diagram of connecting rod position and tension change analysis. 

3.2 Effects of adaptive impedance control 

algorithm combined with neural 

networks 

To verify the effectiveness of the designed control 

strategy, firstly, the control effects of contact force and 

torque on the robotic arm are analyzed, as displayed in 

Figure 9. 

The expected contact force of the robotic arm in the 

experimental setup is 25 N, and the torque range of the 

selected joint is between -4Nm and 4Nm. From Figure 9 

(a), the proposed adaptive impedance algorithm could 

bring the contact force into a stable state within about 

1.0±0.1 s, and the convergence speed was better than that 

of traditional impedance algorithms. After the robotic arm 

stabilized, the contact force controlled by the adaptive 

impedance algorithm remained at around 25.1±0.3 N, the 

95% confidence interval was [24.8, 25.4] N, which was 

the same as the set value, indicating that the neural 

network compensator effectively improved the accuracy 

of force control in step response tests. However, 

traditional control algorithms brought about a contact 

force error of about 5.0±0.5 N to the robotic arm, which 

cannot meet the operational accuracy requirements of the 

robotic arm. From Figure 9 (b), during the operation of the 

robotic arm, the output torque error of the selected joints 

was within the set torque range, without exceeded values. 

After the robotic arm stabilized, the output torque error of 

the joint was extremely small, about 2±0.2%, the 95% 

confidence interval was [-0.3, -0.1] N. This indicates that 

the adaptive impedance algorithm can achieve high-

precision control, ensuring that it meets task parameters 

during operation and guaranteeing the safe and efficient 

execution of instructions issued by the robotic arm. 

3.3 Effects of impedance control algorithm 

for adaptive generation of motion 

trajectory 

To present the control effect of the impedance algorithm 

for adaptive motion trajectory generation, the motion 

trajectory, contact force with the environment, and the 

joint position are analyzed, as shown in Figure 10. 

The expected contact force is set to 2.7 N, the 

expected position of joint A is 1.45 rad, and the expected 

position of joint B is 1.6 rad. From Figure 10 (a), the 

adaptive impedance algorithm initially generated a large 

error in the motion trajectory, but quickly adjusted it after 

about 0.5 s to ensure stable operation of the robotic arm. 

From the contact force between the robotic arm and the 

environment, after the system stabilized, the contact force 

was basically consistent with the expected value, and the 
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error was controlled within 1%±0.3%, with a 95% 

confidence interval of [2.67, 2.71] N, which enabled the  

Table 4: Performance comparison of different control methods in different scenarios. 

Scenario Method 
Contact force error rate 

(%) 

Joint position error rate 

(%) 
Stabilization time (s) 

External force disturbance 

Conventional impedance 
controller 

11.8±0.5 3.2±0.2 1.8±0.1 

Adaptive controller based 

on particle swarm 

optimization 

6.5±0.3 1.5±0.1 1.2±0.1 

Proposed algorithm 2.1±0.1 0.4±0.05 0.8±0.06 

Unknown environmental 
stiffness 

Conventional impedance 

controller 
15.2±0.6 4.5±0.3 2.5±0.2 

Adaptive controller based 
on particle swarm 

optimization 

7.3±0.4 2.1±0.2 1.6±0.1 

Proposed algorithm 2.3±0.2 0.5±0.03 0.9±0.07 

Dynamic trajectory 

Conventional impedance 
controller 

9.6±0.4 2.8±0.2 1.5±0.1 

Adaptive controller based 

on particle swarm 

optimization 

5.8±0.3 1.3±0.1 1.1±0.05 

Proposed algorithm 1.9±0.1 0.3±0.05 0.7±0.03 

 

robotic arm to safely perform tasks. From Figure 10 (b), 

after the system stabilized, the positions of the selected 

joints A and B were extremely close to the expected 

values, with an error of only about 0.1%±0.02%, with 95% 

confidence intervals of [1.449, 1.451] rad and [1.598, 

1.602] rad, respectively. The adaptive impedance control 

algorithm can adaptively generate safe, feasible, and high-

precision motion trajectories based on the set parameters 

of the robotic arm and environmental information. This 

greatly optimizes the robotic arm operation in unknown 

environments and improves its ability to adapt to the 

environment. 

3.4 Application analysis of intelligent 

control for robotic arms 

To test the application effect of adaptive impedance 

algorithm in intelligent control of robotic arms, several 

connecting rods of the robotic arm are selected and their 

positions and tensile forces during operation are analyzed, 

as shown in Figure 11. 

From Figure 11, the selected three connecting rods 

experienced a brief sudden change in tension at 

approximately 3 s, and the corresponding connecting rod 

positions also underwent significant changes to adapt to 

the changing force conditions. The 95% confidence 

intervals were [9.9, 10.3] N/[0.29, 0.31] m, [9.7, 10.1] 

N/[0.25, 0.27] m, and [9.8, 10.2] N/[0.27, 0.29] m. This 

indicates that the designed algorithm can enable the 

connecting rod of the robotic arm to have the ability to 

adapt to sudden external forces, ensuring that the robotic 

arm will not be disturbed by external forces. After the 

tension on the connecting rod returns to normal, the 

position of the connecting rod will quickly adjust back to 

the desired position controlled by the designed algorithm, 

and continue to move along the set reference trajectory, so 

that the robotic arm can operate normally. The designed 

algorithm can control and adjust the motion trajectory and 

contact force of the robotic arm environmental changes, 

enabling it to resist the influence of uncertain interference. 

This undoubtedly improves the stability, safety, and 

accuracy of the intelligent control system for robotic arms. 

To further verify the practical application effect of the 

proposed adaptive impedance control algorithm based on 

variable stiffness, neural network, and motion trajectory, 

the research tests it in external force disturbance scenarios, 

unknown environment stiffness scenarios, and dynamic 

trajectory scenarios. Among them, external disturbance 

refers to the random impact force of ±5N applied during 

the operation of the robotic arm. Unknown environmental 

stiffness refers to the stiffness of the environmental 

material switching from 2,000N/m to 500N/m. Dynamic 

trajectory scenario refers to the expected trajectory at the 

end switching from a straight line to a sine curve with a 

frequency of 0.5Hz. The contact force error rate, joint 

position error rate, and stabilization time of the proposed 

algorithm are calculated, respectively, and compared with 

the traditional impedance controller and the adaptive 

controller based on particle swarm optimization [5]. The 

results are shown in Table 4. 

From Table 4, under external disturbance scenarios, 

the proposed algorithm had a contact force error rate of 

2.1±0.1%, joint position error of 0.4±0.05%, and 

stabilization time of 0.8±0.06 s, all lower than those of the 

other two methods. This indicates that the proposed 

algorithm achieves fast disturbance suppression and 

maintains accuracy by estimating the disturbance 

amplitude in real-time through neural networks. In the 

unknown environmental stiffness, the contact force error 

rate, joint position error rate, and stabilization time of the 

proposed algorithm were 2.3±0.2%, 0.5±0.03%, and 

±0.07 s, respectively. Compared with traditional 

impedance controllers, the contact force error rate and 

joint position error rate of the proposed method were 

reduced by 84.9% and 88.9%, respectively, and the 

stabilization time was shortened by 64.0%. Compared 

with the adaptive controller based on particle swarm 

optimization, the proposed method reduced the contact 
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force error rate and joint position error rate by 68.5% and 

76.2%, respectively, and shortened the stabilization time 

by 43.8%. This indicates that the proposed algorithm can 

estimate the stiffness of the environment in real-time 

through neural networks, achieving rapid adaptation to 

unknown environments. In the dynamic trajectory 

scenario, the three indicators of the proposed algorithm 

were 1.9±0.1%, 0.3±0.05%, and 0.7±0.03s, respectively, 

all lower than those of comparison methods, indicating 

that it can adjust control parameters in real-time according 

to trajectory curvature and achieve high-precision tracking 

of dynamic trajectories. The above results demonstrate the 

adaptability and security of the proposed algorithm in 

complex work environments. 

4 Conclusion 
This study proposes a collaborative control method that 

integrates variable stiffness adjustment, neural network 

online compensation, and motion trajectory self-

generation to address the insufficient adaptability of 

traditional impedance control in unstructured 

environments. The experimental results show that this 

method takes neural networks as intelligent perception 

units to estimate system uncertainty in real-time, variable 

stiffness controllers as fast response units to adjust 

interactive dynamics, and adaptive trajectory generators as 

precise execution units to achieve target tracking, 

significantly improving the interactive performance of the 

robotic arm in unknown or dynamic environments. 

Through the closed-loop collaboration of layered 

intelligent modules, this study effectively balances the 

system's response speed, control accuracy, and model 

dependence. This method helps to promote the 

transformation of robots from repetitive programming 

tools to intelligent partners with environmental perception 

and autonomous decision-making capabilities, providing 

a scalable technological path for building higher-level 

robot control systems. However, this study still has certain 

limitations. The adjustable parameter settings are limited 

in performance analysis, and there is a lack of 

comprehensive testing of various performance indicators 

of the robotic arm. Safety restrictions and potential risks 

in unknown contact environments are not fully 

considered. In addition, if the online learning process of 

neural networks lacks appropriate regularization 

mechanisms, it may over-fit to instantaneous disturbances, 

affecting its generalization ability and system stability. 

This study mainly focuses on contact force control, 

ignoring other potential influencing factors, and has not 

yet validated the computational efficiency of this method 

in multi joint systems, human-computer interaction, and 

real-time scenarios. Future work will extend single joint 

modules in parallel to multi-degree-of-freedom robotic 

arms, combining meta learning and model compression 

techniques to achieve rapid adaptation and lightweight 

deployment on low-cost hardware. Meanwhile, a security 

boundary protection mechanism is introduced, and 

regularization and online learning stabilization strategies 

are adopted to suppress over-fitting. Future research will 

further consider sensor delay and actuator saturation 

effects, verify zero sample generalization ability in high-

frequency interference and shared workspaces, and 

promote the development of safe human-machine 

integration. 
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