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Abstract— Intelligent control methods have led to a signif-
icant simplification of the robotic arm modeling and control
tuning process, and thus they have been widely used. To fur-
ther improve the precision of robotic arm motion control, this
paper proposes a robotic arm motion control strategy based
on a cascaded feature-enhanced elastic-net broad learning
system (CFE-EN-BLS). This will fully extract data features
to improve motion control accuracy. Moreover, ElasticNet
regression is introduced to reduce feature redundancy. Fi-
nally, Lyapunov stability theory is introduced to constrain
the learning parameters of the proposed learning method
to enhance the convergence of the control strategy. The
simulation and experiment show that the proposed control
strategy can realize high-precision trajectory tracking control
of the robotic arm.

I. INTRODUCTION

Robotic arm has been widely used in industrial pro-
duction, agricultural production, aerospace, medical and
surgery, service and education, and various other do-
mains [1]-[5]. In recent years, there has been a significant
shift in the requirements for robotic arms and their
control systems, with greater emphasis now being placed
on reliability, precision, and safety in diverse workspaces
and tasks [6]—[8]. Therefore, it has become an important
research topic in the field of robotic arm motion control
to design and implement a high-performance motion
control strategy.

Learning-based robotic arm motion control strate-
gies can overcome the limitations of traditional control
strategies relying on accurate mathematical modeling
lacking generalization capabilities [9]-[12]. Traditional
learning-based robotic arm motion control strategies are
mainly based on machine learning and shallow neural
networks [13]-[16]. However, those strategies are easy to
fall into the limitations of local minima and sensitive
learning rate selection, which affect the accuracy of the
robotic arm motion control strategies. To solve the above
problems, some scholars have introduced deep learning
and reinforcement learning into the field of robotic arm
motion control and designed numerous high-performance
motion control strategies [17]-[19]. However, these con-
trol strategies require a complicated training process to
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determine the control learning parameters, consuming a
huge amount of computing resources.

The broad learning system (BLS) control strategy
can significantly simplify the model training process and
reduce the consumption of computational resources by
virtue of its simple and flexible network structure and
accurate approximation performance, as well as its good
generalization [20]. Some scholars have attempted to
apply it to the field of robotic arm motion control [21],
[22]. Huang et al. combined the BLS with deterministic
learning and proposed a new type of neuro-adaptive
control for the realization of robotic arm motion gener-
alization learning [23]. They further combined the BLS
with a fuzzy neural network and proposed a broad fuzzy
neural network control strategy, which realized robotic
arm ideal tracking and interaction performance under
the condition of ensuring the stability of the closed-loop
system [24]. Xu et al. applied the BLS to micro-robot
control for the first time and combined the learning
algorithm with Lyapunov theory to get the controller
parameter constraints obtaining robust generalization
capability and stable convergence of errors [25]. Zuo
et al. proposed a robotic control strategy based on
the incremental Bayesian fuzzy broad learning system
(IBFBLS), which improved robot joints’ servo control
accuracy [26]. However, due to the sparsity of the BLS,
there is the problem of inadequate feature extraction
[27] thus leading to the problem of insufficient control
accuracy. Furthermore, these control strategies ignore
the impact of joint control accuracy on the overall system
performance.

To address the above problems, this paper comprehen-
sively considers the advantages of the cascade mechanism
and ElasticNet learning to design a robot arm motion
control strategy with sufficient feature extraction, low
computational redundancy, and high control accuracy.
Compared to existing methods, the main contributions
are as follows:

e The CFE-EN-BLS-based control strategy is pro-
posed and applied to the motion control of a robotic
arm, which significantly improves the control accu-
racy.

e A cascaded structure is designed to improve the
ability of the broad learning network to extract valu-
able information. Meanwhile, the proposed strat-
egy is adapted by combining the elastic-net re-
gression, which is feature selection for cascaded
feature-enhanced broad learning system (CFE-BLS)
mapping features thereby reducing computational
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redundancy and improving the efficiency of the
control method.

e The proposed motion control strategy is combined
with Lyapunov’s theory to obtain constraints on
the learning parameters, which provide a stable
convergence capability for the control strategy

II. PROBLEM FORMULATION AND
PRELIMINARIES

A. Robotic Arm Motion Control

Define the robotic arm joint angle, angular velocity,
and angular acceleration as 60 = [91,92,...,01\/],9 =
[91, Os, ... , 0}\/], 0= [01,92, . 9.1.\7], then the robotic arm
dynamics model can be expressed as follows:

M(6)8 4+ C(0)0 + G(6) + T, = T. (1)

where M (6) denotes the inertia matrix of the robotic
arm dynamics model. C'(0) denotes the centrifugal and
Koch force vectors, G(0) denotes the gravity term, 7,
denotes the perturbation suffered by the robotic arm
during its motion, and 7. denotes the robotic arm joint
control moment.

Define deviations from ideal trajectories in Cartesian
space as shown in the following equation:

e(t) = 6(t) — 6.(1) (2)

where e(t) denotes the angular error, 6(t), 0,.(t) denotes
the actual angle, and the desired angle, respectively.

To ensure the control accuracy of the robotic arm
motion control, this section considers constructing the
robotic arm motion control based on the first-order
motion control system. Therefore the motion error based
on velocity level can be expressed as:

é(t) = 6(t) — 6,(1) 3)

where ,.(t) denotes the desired angular velocity and ()
denotes the actual angular velocity, which is obtained in
this paper by calculating Eq. (4):

0(t) ~ 0(t — 1)+ 6(t — 1)At (4)

where At denotes the time interval. When At is set to
very small, ” = ” is approximated as 7 =".
This section specifies a goal function aimed at achiev-
ing zero tracking error, as shown in Eq. (5):
fole) = min(6(t) - 6,(¢)) ()
Approximating the desired velocity with the out-
put of the motion control strategy will facilitate the
convergence of the velocity-tracking deviation é to 0.
This is a key factor in ensuring that the robotic arm
accurately tracks the desired trajectory. Therefore, the
issue of achieving precise position tracking in robotic
arm motion control is considered equivalent to solving
an optimization problem.

B. Cascade Feature-enhanced Broad Learning System

A cascaded feature-enhanced broad learning system
(CFEBLS) is designed in this section for robotic arm
motion control.

1) Cascade Feature Node Generation: Define the
training sample dataset {(X,Y) | X € RN*? Y ¢
RN*¢} where N denotes the number of input samples,
and d denotes the dimensionality of each sample. Y
denotes the target output corresponding to the input
sample X, and ¢ denotes the target output dimensional-
ity.

Next, defining the feature cascade matrix Ay = &,
A, = [Ag,X] and A; = [X,Z;_1] built from the
combination of the input data and the (i — 1)th group
of feature nodes, then the mapped i-th group of feature
nodes can be described as:

Zi = ®i(0e;iAi + Bei)

where a.; and B.; denote the weights and biases of the
feature nodes, respectively, both of which are randomly
generated. ®; denotes the function used to activate the
feature nodes.

The obtained node features are given in the following
equation:

7" = (Z1,Zs, ...

1=1,2,...,n (6)

+ Zn (7)

2) Cascade Enhancement Node Generation: To en-
hance the nodes by the cascade, this section defines the
new enhancement nodes that are generated from the
feature nodes and the previous enhancement nodes.

Defining the enhancement cascade matrix B; = Z",
B2 = [Zn,Hl] and Bj = [Zn,Hj_l] COIlSiStiIlg of the
feature node Z™ and the (j — 1)th group of enhancement
nodes, then the jth group of enhancement nodes can be
described as:

H; = V;(an;B; + Bry)

where ay; and Bj; denote the weight and bias of the
augmented node, respectively, both randomly generated.
VU, denotes the activation function of the augmented
node.

The obtained enhanced feature node layers are as
follows:

H™ = [Hy,H,,...

i=1,2,....m (8)

JHy). (9)
Then the acquired node can be described as:
FZL :[Zn | H’Vﬂ]
=[21,2,,...,Z,,H;,Hy,... . H,].

The CFEBLS model is characterized by the following
description:

i=1 j=1

(10)

(11)

where w; and w; denote the matrix weights of the
output layer, learned through the training process of the
network.
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ITII. CFE-EN-BLS MOTION CONTROL STRATEGY

This section provides an in-depth explanation of the
motion control approach utilizing the Cascaded Feature-
enhanced ElasticNet Broad Learning System. The con-
trol strategy mainly consists of a motion control network
based on CEF-EN-BLS and an ElasticNet regression
algorithm. The overall structure of the motion strategy
is shown in Fig. 1.

Cascaded Feature Enhancement ElasticNet BLS
Output Y
ElasticNet Regression w
Hj‘h [A
w = argmin f (w)
W

H" enhancement nodes|

H! H?
1= NEee @65 65
@R 666 @& —6e &) J
~ K P

Z™ feature mapping
e

Robotic Arm Motion Control

Expected Xre  Vre e ¢ CFEENBLS- T Kinematic
trajectory X9 Vg based controller transfer
\xm
v,
vee.é)>0 Stabili X v Rotational syst Rbt'xml
Vie.e) <0 _, Stability t Ut otational system obot internal

V() = V()] > 0,t — o condition for robot joints control system

Fig. 1. Motion control strategy for robotic arm with
CEF-EN-BLS.

A. Robotic Arm Motion Control Based on CFE-BLS

This section is devoted to correcting the velocity to
realize the robotic arm motion control and the principle
is shown as follows:

écor(t> = ér + 6<t)

where 9cor(t) denotes the corrected velocity.

A reasonable transfer function is constructed to rep-
resent the transfer relationship between the corrected
velocity and the corrected position. The principle is
expressed as follows:

Oeor(t) = O(t — 1) + Oeop(t — 1) At (13)
where .., (t—1) and 6., (t) denote the corrected velocity
and position, respectively.

Define the robotic arm motion control strategy as:

T=¢é= fy(e). (14)

The inputs and outputs based on the learner are
position deviation and corrected velocity, respectively.

Then the CFE-BLS-based robotic arm motion control
strategy is denoted as:

(12)

n m
7= Wi®i(eiAi+Bei)+ Y WU (an;B;+Br;) (15)
i=1 j=1
where w; denotes the output weight of the feature node.
w; denotes the output weight of the enhancement node.
®, U denote the feature node activation function, and
enhancement node activation function, respectively, as
shown in Eq. (16).

_ 1
{ = T+exp(—0©)
/N S

14+exp(—E)

(16)

N o=

where © = ae¢iA; + Be; and E = ap;B; + By, the
activation functions are all continuously differentiable.
and the following conditions are satisfied:

{ o(0) =

$(0) (17)

0, ¢
0, ¥(2)>0.

The training of the model entails solving an optimization
task to ensure good approximation capability of the
designed controller, i.e.

m

M n
min Y | D wii(0) + ) w;¥;(E) — 7|
k=1 =1

j=1

(18)

where 79 denotes the desired output of the control
strategy.

B. ElasticNet Regression Algorithm

To reduce the complexity of the CFE-BLS model to
prevent overfitting, ElasticNet regression is introduced
in this subsection.

Considering the presence of unknown perturbations
during the movement of the robotic arm, the output of
the CFE-EN-BLS network is represented in this section
as:

Y = fw(WTF (X)) +¢ (19)

where ¢ denotes random noise, which is defined as
Gaussian white noise for ease of computation.
Define the cost function as:

N
fcost(w) = Z(Qk - WTFZL(X))Z
k=1 (20)
Al —
TV A O

where A is the regularization coefficient, which represents
the strength of the total regularization, larger values of
which have a stronger regularization effect, resulting in
more coefficients converging to zero, leading to sparser
models, and smaller values of A allowing the model to
fit more complex relationships. p denotes the proportion
of the L, paradigm in the regularization. Thus, Elastic-
Net regression combines the feature selection capability
of Lasso regression with the multicollinearity handling
capability of Ridge regression.

Determine the desired network weights by solving for
the weights that minimize the cost function, i.e., solve
the following optimization problem:

W = arg min feost(W). (21)
w

This objective function minimization optimization
problem can be solved by optimization algorithms such
as coordinate descent and gradient descent to find the
best weight parameters.

10793



C. Stability Analysis

Drawing upon the principle of Lyapunov stability
analysis, the control strategy constructed need to guar-
antee the system’s global asymptotic stability, with the
necessary condition being the fulfillment of Eq. (22):

Ve, é) >0

V(e,¢) <0

Vie*,é*) =0

IV(e,é) —V(e*,é*)|| = 0,t = o
The system is globally asymptotically stabilized when
the Lyapunov function satisfies the above equation and
the system state e, é converges to the steady state point
[e*,é*] = 0.

The Lyapunov-candidate-function (LCF), denoted as
Ve, é), is designed as

(22)

1
V—ie e—|—2

To satisfy Eq. (22), it is only necessary to make the
derivative of the LCF less than zero, i.e.

éT'e > 0. (23)

V=eletele<o. (24)

Next, the stability constraints of the control strategy
need to be obtained by deriving the derivative Vof the
LCF.

In Equation (23), while e, é and é are mentioned,
it is noted that é does not directly appear in the
above context. Instead, The designed motion control
network model employs e as its input and é as its
output. Therefore, this subsection focuses on deriving
the expression for é utilizing Equation (15) as a starting
point. Following this, the expression for € is subsequently
computed, although it was initially stated to be absent
in the immediate context.

é= Zwm
‘i’ZWez
+thﬂ
+th3 (anH

Based on Eq. (25), ¢ is computed as

aeve + ﬂm)

aez i— 1+Bez)

i(anjZi + Bry)

j—1+ Bng)

WeiQlei€

. "L d[®i(ceie + Bei)]
€= ; d(aeie + 661')
"L d[Wei®i(eiZi 1+ Bei)]
+ Z d(oeiZi—1 + Pei)
Whj ah]Z ‘i'ﬁhj)i
+ Z ahjz + ﬁhg)

Z Whj jlanHi—1 + Byl
= O‘hJijl + Bhy)

WeilleiZii—1

=1

(26)
Wi jouh L

whjathj_l.

n (17), the derivatives of the activation functions are all
strictly positive, meaning they are all greater than zero.
These positive derivative terms in Eq. (26) are denoted
as

d[®;(aeie + Bei)] _ d®(A;) -
d(ceie + Bei) LYAY; ’

d[Wei®i(aeiZi—1 + Bei)] _ do(;) <0
d(aveiZi—1 + Pei) dtl; ’

dwn;¥;j(aniZi + Brg)] _ d%(0)) _
d(on;Zi + Bny) d0; 7
dlwp;Vj(anHj—1 + Bry)] — d¥(Vy)

and d(cnH, 1 + Bry) = i, > 0.

Next, by substituting the expressions from (25) and
(26) into (24), we obtain a further derivation of Eq. (24).

Z W€Z
+ Z Wei®
+ Z wp; U

i(aeie + Bei)

aez i— l"i_Bez)

j(anjZi + Bry)

‘i'ZWh] ah] -1 ‘i'/Bh])
(27)
+ el d(I)(Ai)w Qi€
1:1 dAl €1 el
+ 21

dU(0;) .
+Z d<>]j W L

AP (Q))
a0,

whjopiHj_q
=1

Since the proposed motion control strategy designs a
broad learning network in a cascade manner, after deriva-
tion and analysis, it should also satisfy we; H 1 0 <0,
Whj szl ap; < 0. In this way, D+@ will be negative.
As mentioned earlier, the derivative and slope of the
activation function are positive. For ensuring that the
system achieves global asymptotic stability, which im-
plies that the system state can converge from any initial
value, it is crucial that Equation (24) holds at all times.
The resulting constraints derived from this analysis are

Bei =0, Brj =0 (28a)
We; < 0, Whi < 0 (28b)
Qe > 0, Qpj > 0 (28C)

At this point, the constraints on the stability of the
system are obtained.
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IV. EXPERIMENTS

A. Simulation Experiments

The simulation was run on a server with Windows 10.
The runtime environment is PyCharm 2023.1.2, Python
3.7. Hardware configuration: CPU is Intel(R) Core(TM)
i9-10900X@3.70GHz, GPU is RTX 3090 Ti, and RAM
is 64G. The experiment employs a sliding mode control
approach to follow a reference trajectory, initiating from
various starting points, to acquire the necessary training
demonstration data for the implementation of the control
strategy. Define y = wsin(t),t € [0,3n] as the reference
trajectory of the joint. After several experiments in
MATLAB, 15 tracking trajectories with good conver-
gence are selected. These tracking trajectories run for
3ms, and the reference trajectories are shown in Fig. 2
with the 15 converged demonstration trajectories. The
inputs to the control strategy are the position error
and velocity error of the demonstration trajectories,
and the output is the corrected velocity. The errors in
position and velocity are calculated by comparing the
tracking trajectories with the reference trajectories and
determining the degree of convergence between them.

5 """"""" Reference
T ——Demol
6 Demo2
0 —Demo3
4 ——Demo4
-5 Demo5
5 2 4 0 —Demo6
S 7 y —Demo7
20 ——Demo8
Z Demo9
< 2 ——Demol0
—Demol1
Demol2
-4 ——Demol3
—Demol4
-6f I ——Demol5

0 2 4 6 8 10
T-axis(s)
Fig. 2. Reference trajectory and demonstration trajec-
tories.

Then, the collected demonstration data is partitioned
into two sets: training and testing. The training set
comprises 10 converged demonstration trajectories, while
the testing set consists of 5 converged demonstration
trajectories. The data are loaded into the simulation en-
vironment to train the control strategy. The comparison
algorithms and ablation algorithms are broad learning
system (BLS), incremental enhanced-node broad learn-
ing system (I-BLS), cascaded feature node broad learn-
ing system (CF-BLS), cascaded enhanced node broad
learning system (CE-BLS), cascaded feature enhanced
broad learning system (CFE-BLS), and the proposed
cascaded feature-enhanced elastic-net broad learning
system (CFE-EN-BLS). All control strategies have an
initial feature node of 10, an initial enhancement node
of 10, and a step size of 10. Considering the consistency
of feature extraction, the I-BLS training rounds are
set to 5, and 2 enhancement nodes are added each

time. Through experimental debugging, the ElasticNet
regression parameters are chosen as A = le= %, p = 0.5.

As an example, demonstration trajectory 8 is used for
the simulation test of the joint motion control of the
robotic arm, and the simulation visualization results are
shown in Fig. 3. The corrected velocity is the output of
the control strategy, as far as the corrected position is
calculated by Eq. (13). Position deviation and velocity
deviation are the differences between the control strategy
real-time data and the demonstration data at the same
moment.

demo8
—BLS
LBLS
—CF-BLS
——CE-BLS

f-axis (rad)

Lot e - o

X CFE-BLS
CFE-EN-BLS| CFE-EN-BLS|

0 2 4 6 3 10 “o 2 4 6 8 10

T-axis (s)

(a) (b)

—BLS

—BLS 6 —1-BLS
—I-BLS 6 CF-BLS

CF-BLS 4 —CE-BLS
——CE-BLS —_ —CFE-BLS

CFEBLS zy ) CFE-EN-BLS|

CFE-EN-BLS)| &

£ o A
5 AV W

/ o102 03 04

o 2 4 6 8 10 0 2 4 6 8 10
T-axis (s) T-axis (s)

(c) (d)

Fig. 3. Tracking results of different control strategies. (a)
and (b) depict the tracking results of angular position
and angular velocity with different control strategies,
respectively. (c¢) and (d) depict the errors in angu-
lar position and angular velocity with respect to the
demonstrated trajectories for different control strategies,
respectively.

It is observed that the BLS exhibits tracking perfor-
mance, yet it demonstrates notably large tracking errors
with demonstration trajectory 8, particularly evident in
Fig. 3(c). The angular position consistently diverges from
the demonstration trajectory and converges to a stable
state, a behavior attributed to the adjustment following
abrupt changes in angular velocity. This underscores
the significance of effectively extracting data features to
mitigate potential errors. The incorporation of enhance-
ment nodes into the I-BLS enhances the model’s learning
capacity to some extent, resulting in a reduction in
angular position error. This suggests that the addition of
enhancement nodes facilitates the extraction of valuable
information from feature mapping. However, this aug-
mentation also introduces redundancy in the extracted
information, thereby constraining performance improve-
ment. The corner position tracking performance of CF-
BLS and CE-BLS control strategies is better than that of
the BLS control strategy, which indicates that cascading
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feature nodes and cascading enhancement nodes can
extract more useful feature information. However, the
corner position error of CE-BLS gradually increases with
time, which indicates that cascading enhancement nodes
alone lead to the accumulation of errors, and its effect
tends to be poorer than that of I-BLS. The CFE-BLS
exhibits superior tracking performance in comparison to
I-BLS, which indicates that cascading feature nodes and
cascading enhancement nodes can extract more valuable
information from feature mapping. CFE-BLS has better
tracking performance than CF-BLS and CE-BLS, and its
angular position trajectory always stays near the demon-
stration trajectory with a small deviation, but does not
converge to the demonstration trajectory. The angular
position trajectory of the control strategy CFE-EN-BLS
proposed in this paper always tracks the demonstration
trajectory with a very small error and the deviation has
a tendency to converge to zero. Besides, the angular
velocity trajectory also converges to the demonstration
velocity trajectory more smoothly compared with the
other control strategies. From Fig. 3(b) and Fig. 3(d),
it can be seen that the control strategy in this paper
can converge quickly with minimum fluctuation. This
illustrates the strong contribution of cascaded feature
enhancement to the performance improvement of the
control model, while it shows the superiority of elastic
net regression in preventing the redundancy of feature
extraction.

B. Real-Wold Experiments

The Aubo-i5 robotic arm experimental platform used
is shown in Fig. 4. The trained control strategy is used
to control the Aubo-i5 robotic arm job operation. The
proposed approach calculates the upper-level control
instructions, whereas the system itself furnishes the
underlying execution mechanism. The designed robotic
arm operation task is shown in Fig. 5(a) with a running
time of 190 seconds. The actual tracking trajectory of
the robotic arm is shown in Fig. 5(b).

Fig. 4. Aubo-i5 robotic arm experiment platform. It
mainly includes the robotic arm, personal computer
(PC), server, demonstrator, and monitor.

Snapshots of the physical experiments based on the
motion control of the Aubo-i5 robotic arm are shown
in Fig. 6. To clearly illustrate the control efficacy,

Actual trajectory
(a) (b)

Fig. 5. Demonstration tracking trajectory designed (a)
and actual trajectory (b) of the robotic arm. The first is
linear motion, the next is circular motion, and the final
is curved motion.

Fig. 6. Tracking trajectory of robotic arm movement.

we present the desired and actual angles, angular ve-
locities, and their respective errors for each joint of
the robotic arm, and the outcomes are displayed in
Fig. 7. The proposed control strategy can maintain
good performance throughout the operation. However,
there are still some deviations in the angular position
tracking process. There is a small oscillation in the

Fig. 7. Experimental results on Aubo-i5 robotic arm
motion control. (a) and (b) show the output of the
rotation angle and angular velocity of each joint, with
the dashed line representing the expected value and the
solid line representing the actual value. (¢) and (d) show
the angular position error and angular velocity error of
each joint.
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angular velocity tracking, as shown in Fig. 7(d). The
algorithm in this paper converges to the neighborhood
of 0 with a smaller position deviation than the simulation
experiments, indicating that the proposed algorithm can
be better applied to the robotic arms motion control. The
small oscillations for the angular position and velocity
deviations are because there may be a certain degree
of interference in the low-level actuation system of the
joints. From the experimental results, it can be seen that
the actual rotation angle of the control strategy proposed
in this paper always converges to the neighborhood of
the desired value or with a small error. The effectiveness
of the proposed control strategy is verified.

V. CONCLUSION

This paper proposes a robotic arm motion control
strategy based on CFE-EN-BLS. Firstly, the motion
control strategy of a robotic arm based on CFE-BLS is
constructed. Secondly, this paper designs the intelligent
control strategy of a robotic arm in combination with
ElasticNet regression. Finally, the prerequisites for the
stability of the control method are analyzed in combina-
tion with the Lyapunov theory. Both simulation studies
and practical experiments verify that the introduced
control strategy is superior to the other compared control
models in terms of tracking accuracy, stability, and
convergence performance.
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