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SUMMARY: For solving the problems which exist when building correct mathematical
models for strong coupling, nonlinear, time-changing systems such as robot operating arms,
and these problems often make traditional control methods have not good enough decoupling
results and bad dynamic performance, therefore we put forward one improved RBF neural
network inverse model based decoupling control method. Firstly, the particle swarm
optimization algorithm is utilized by us to carry out offline optimization for initial
neighborhood clustering radii, therefore obtaining relatively better network parameters.
These optimized radius values are then employed for real-time nearby region grouping to
dynamically build the RBF neural network reverse model, thus overcoming the restriction of
traditional methods which need pre-set network structures. Second, the inverse model that has
been found is connected in series with the system being controlled to construct a
pseudo-linear system, therefore it enables dynamic decoupling between the joints of robotic
manipulators. In the end, one PD controller is combined into a compound closed-loop control
system for reducing inverse model errors and strengthening robustness. The simulation which
uses a two-degree-of-freedom manipulator to carry out validation proves that our strategy
can effectively realize dynamic decoupling and high-precision track following, whose tracking
accuracy and robustness all exceed the traditional PD control methods.

KEYWORDS: robotic arm; RBF neural network; inverse control; decoupling control; nearest
neighbor clustering; trajectory tracking

1 Introduction

Industry-use robot devices are step by step making change from old repeat work such as carry
work, weld work, and assemble work to complicated situation such as flexible produce,
accurate cut work, body recover help, and space operation work. To the robot mechanical
arms, the tracking accuracy of motion path directly influences the positioning quality,
processing stability, and system working efficiency of the end execution components. In
actual working conditions, robotic arms often face factors such as load changes, parameter
perturbations, external disturbances, and sensing noise, and their dynamic models have strong
coupling, nonlinearity, and time-varying characteristics. Especially in the proceeding of
multi-joint coordinate movement, the inertia item, Coriolis force item, centrifugal force item,
and gravity item are interweaved, hence making the movement condition of a single joint
have the remarkable influence upon other joints. Therefore, how to realize high-precision and
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strong robustness track following control under the conditions that the model is not
completely accurate is still a problem which needs continuous research in the domain of robot
control.

The tradition Proportion Differential (PD) or Proportion Integral Differential (PID)
controlling method is still by many people used in industry places, because of its simple
structure, convenient realization, and distinct physical meaning of parameters. But, these
methods mostly depend on fixed feedback gain values, and possess restricted compensation
abilities for complex coupling dynamic characteristics and unmodeled uncertain factors of
robot mechanical arms. When the mechanical arm of robot carries out high-speed movement,
or the weight that it bears has change, traditional linear controllers easily have problems
which include phase lag, the increasing of steady-state error and insufficient dynamic
response. In recent years, the study direction has more moved to intelligent control methods
including sliding mode control, adaptive control, neural network control, also learning control.
Neural network sliding mode control is able to utilize neural networks for approximating
unknown nonlinear terms, and can through the utilization of sliding mode structures
strengthen the anti-interference ability of the system. The concerned review puts forward that
this kind of method has already formed a comparatively systemic research framework in the
nonlinear control of robot mechanical arms, but the selection of network structure, vibration
restraining, and online calculation burden still influence its engineering application effect [1].
Tong et al. put forward an adaptive tracking control approach for trajectory tracking under
unknown kinematics and uncertain dynamics situations, hence proving the feasibility of
keeping closed-loop stability when model information is not complete [2]. Nevertheless, these
controllers usually include complicated parameter updating rules, which can raise the tuning
difficulty in multi-degree-of-freedom robotic arm systems.

In addition to model uncertainty, actual robotic arms are also constrained by joint
limitations, input saturation, actuator failures, and measurement noise. Hernandez Sanchez et
al. designed a trajectory tracking controller for a robotic arm from the perspectives of joint
constraints and state constraints, demonstrating that incorporating state boundary information
into the control law can improve system safety [3]. Hu et al. proposed finite time adaptive
hyper twisted sliding mode control for actuator fault problems, which enables the robotic arm
to maintain good convergence performance under fault disturbances [4]. For space robotic
arms, Zhang et al. studied discrete non singular terminal sliding mode tracking control under
mismatched multi disturbance and noisy measurement conditions, further demonstrating the
important value of robust control for robotic arm systems in complex environments [5]. These
studies have achieved good results in stability and disturbance rejection, but some methods
rely on prior uncertainty boundaries or switching control terms. If the parameter settings are
not reasonable, it may lead to input mutations, jitter enhancement, or high implementation
complexity.

Model predictive control and fuzzy neural networks also provide new ideas for trajectory
tracking of robotic arms. Yan et al. applied Laguerre model predictive control to upper limb
rehabilitation robots, balancing trajectory tracking accuracy and constraint handling capability
within a rolling optimization framework [6]. Shen constructed a robot trajectory tracking
control system based on fuzzy neural networks, utilizing the expressive power of fuzzy rules
and the learning ability of neural networks to improve the nonlinear mapping effect [7]. This
type of method has strong adaptability to the dynamic changes of objects, but the
establishment of prediction models, online optimization solutions, and rule design will
increase the computational burden. For industrial robotic arms with short sampling periods
and high real-time requirements, control algorithms must not only have high accuracy, but
also maintain low computational complexity and good online update capabilities.
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Radial Basis Function Neural Network (RBFNN) is widely used for uncertain dynamic
compensation and inverse model identification of robotic arms due to its compact structure,
obvious local response characteristics, and strong nonlinear approximation ability. Zhang et al.
utilized adaptive RBFNN in fault-tolerant control for mechanical arms that have pre-set
performance demands, realizing online compensation for uncertain items and fault influences
[8]. Xu and other researchers put forward a method of trajectory tracking control based on
neural network for space robotic arms that have full actuation, hence proving that neural
networks are able to assume the functions of dynamic compensation when system parameters
are not certain [9]. Ai et al. have furthermore made combination of neural network control
and composite disturbance observer, to deal with full state time-varying constraints and
composite disturbance problems, thus the adaptability of the controller in complex constraint
scenes is promoted [10]. We are able to see that neural networks are not any more only offline
fitting tools, but they can be embedded into closed-loop control processes for unknown
dynamics estimation, disturbance compensation, and performance tuning.

But, in the existing RBFNN control methods which people currently have, there are still
some aspects that possess space for promotion. Firstly, the center, the width and the number of
hidden layer nodes of RBFNN, it is usually required that they be pre-set beforehand. Too few
nodes can weaken the approximation accuracy, while too many nodes can increase
computational complexity and lead to redundant learning. Secondly, the traditional training
methods have sensitivity to the distribution of samples, and the generalization ability of
networks with fixed structures may have a reduction when the trajectory or load condition of
the mechanical arm has a change. Once more, if we only depend on the compensation of
neural network feedforward, the error of inverse model can directly influence the control
effect; If do not have feedback to do correction, it is hard to completely guarantee the system's
transient response and steady-state accuracy. The discrete-time learning neural network
control method proposed by Zhang et al. emphasizes the importance of combining learning
mechanisms with preset performance constraints for high-precision trajectory tracking tasks
[11]. Wang et al. applied neural networks, sliding mode control, and disturbance observers to
trajectory tracking of humanoid robotic arms, and also demonstrated that multi mechanism
fusion helps to simultaneously improve nonlinear approximation ability and disturbance
rejection performance [12]. Therefore, building a composite control framework that combines
dynamic modeling, online adaptation, and feedback correction capabilities is a feasible path to
improve the quality of robotic arm trajectory tracking.

To address the aforementioned issues, this paper proposes a trajectory tracking control
method for robotic arms based on an improved nearest neighbor clustering RBFNN inverse
model. This method first uses Particle Swarm Optimization (PSO) algorithm to offline
optimize the initial radius of nearest neighbor clustering, enabling the network to obtain a
more reasonable clustering scale in the early stages of modeling. Subsequently, RBFNN
hidden layer nodes are generated online based on the distribution of input samples, reducing
the dependence of the network structure on human experience; On this basis, the trained
neural network inverse model is connected in series with the controlled robotic arm to form an
approximate pseudo linear system, in order to weaken the dynamic coupling between joints.
Finally, PD feedback control is introduced to compensate for the approximation error of the
inverse model and external disturbances, forming a control structure of "optimized clustering
inverse model decoupling feedback correction™. Compared with single PD control or fixed
structure neural network control, this method emphasizes more on the dynamic generation of
network structure and closed-loop correction of inverse control error, which improves
trajectory tracking accuracy while ensuring real-time performance.
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2 Dynamics model and reversibility analysis of manipulator

2.1 Fundamentals of robot arm dynamics modeling and inverse model
data

This article takes a two degree of freedom serial robotic arm as the research object, focusing
on dynamic modeling, inverse model data construction, and control implementation
requirements. The dynamic equation of a two degree of freedom robotic arm can be expressed
as shown in equation (1) [13].

M(q)q+C(q,9)qg+g(g)= 1)

In the formula: ¢g=[q1,¢2]" is the joint angle vector, with units of rad; ¢~ is the joint
angular velocity vector, in rad/s; ¢" is the joint angular acceleration vector, in rad/s =
=[n,72]" is the joint driving torque vector, measured in N m; M(q) is the inertia matrix;
C(q.q) is the matrix of Coriolis and centrifugal forces; g(g) is the vector of gravity term.
According to equation (1), there is a significant nonlinear coupling relationship between the
torque input of the robotic arm and the joint position, velocity, and acceleration. To further
characterize the characteristics of inertial coupling, the inertia matrix can be written as shown
in equation (2) [14].

M(q)=[[md*+ma(11*+d2*+2 11 d2c0sq2),ma(d2*+H1d2cosq2) ;[ ma(d?+hdacosqa),med2?]]  (2)

In the formula, m: and m. are the masses of connecting rod 1 and connecting rod 2,
respectively, in kg; /i is the length of connecting rod 1, in m; d: and d. are the distances
from the centroids of the two connecting rods to the corresponding joint axes, in m. The
velocity coupling term can be further written as shown in formula (3).

C(q.9)=[[-malidasing2q2,-m2lidasing2(gi+q2) |;[m2lid2sing2q1,0]] (3)
The corresponding gravity term is shown in equation (4).

2(@)=F[[(miditmali)gcosqitmadagcos(qitq2)];[madagcos(git+q-2)]] 4)

In the formula: g is the acceleration due to gravity, measured in m/s 20On the basis of the
above dynamics, the inverse dynamic mapping between torque and state can be written as
shown in equation (5) [15].

=q.9:9") (5)

In the equation: £{-) is the inverse dynamic mapping of the robotic arm. In order to avoid
relying solely on analytical inverse solutions, this paper constructs an approximate inverse
model using sample data, which is expressed in equation (6) [16].

=f(q.9.9") (6)

In the formula: 7 is the estimated torque of the inverse model, measured in N -m; 7'(*)
is the inverse mapping learned by the neural network. According to equations (1) - (6), this
paper generates training samples consisting of joint angles, angular velocities, angular
accelerations, and driving torques, and uses periodic sine cosine combination trajectories to
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expand the sample coverage range. The overall technical roadmap of this method is shown in
Figure 1. In Figure 1, dynamic modeling, sample partitioning, PSO radius optimization,
nearest neighbor clustering, RBFNN inverse model, and closed-loop feedback control are
sequentially connected to form a complete data flow and control flow framework.
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Figure 1: Overall methodology of the proposed control scheme

2.2 Construction of inverse model of robotic arm based on RBFNN

RBFNN has the characteristics of obvious local response, clear structure, and easy integration
with clustering algorithms, making it suitable for inverse dynamic identification of robotic
arms [17, 18]. This article takes joint position, velocity, and acceleration as inputs to the
network, and uses driving torque as the network output. The input vector of RBFNN can be
represented as shown in equation (7) [19].

x=[q1,92,41,42,9 1,4 2]" (7)

In the formula, x is the input vector of RBFNN. The j-th hidden layer node adopts
Gaussian radial basis function, and its activation form is shown in equation (8).

pix)=exp[-|x-cil/(2s7)]y=1,2,....h (8)

In the formula: ¢i(x) is the output of the jth hidden layer node; ¢; is the center vector of
the j-th node; s; is the width of the basis function; h is the number of hidden layer nodes.
The output layer of RBFNN adopts a linear weighting method, and its network output can be
written as shown in equation (9) [20].

=Wp(x),p(x)=[01,02,....0, I )
In the formula: W is the weight matrix of the output layer; ¢(x) is the output vector of

the hidden layer. In order to measure the accuracy of torque estimation, this paper defines the
network training objective as shown in equation (10).

J=(1/2N)Zi=1N| - |2 (10)

In the formula, J is the training error index; N is the number of samples; & is the
5
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sample number. The structure of the RBFNN inverse model is shown in Figure 2. In Figure 2,
the left side represents the six dimensional state input, the middle part represents the Gaussian
radial basis hidden layer, and the right side represents the torque outputs of two joints. At the
same time, the figure also provides three key parameter modules: center, width, and weight,
which help to visually illustrate the correspondence between the network training object and
the inverse dynamics output.
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Figure 2: Structure of the dynamic RBFNN inverse model

From equations (8) to (10), it can be seen that the approximation ability of RBFNN is not
only related to the output layer weights, but also influenced by the node center and width
configuration. If the node distribution does not match the sample distribution, the network
may generate redundant learning in sample dense areas, and insufficient approximation may
occur in sample sparse areas [21, 22]. Based on this consideration, the next section further
introduces nearest neighbor clustering and particle swarm optimization mechanisms.

2.3 PSO optimized nearest neighbor clustering learning algorithm

Traditional RBFNN typically requires pre setting the number and width range of hidden layer
nodes, which makes network performance heavily dependent on human experience [23]. To
alleviate this dependence, this paper adopts the Nearest Neighbor Clustering (NNC) method,
which enables new samples to determine whether to create new nodes based on their distance
relationship with existing centers. The distance between sample x; and the j-th cluster center
can be expressed as shown in equation (11).

di =il (12)
In the formula, d,; is the Euclidean distance from the k-th sample x; to the j-th cluster

center ¢;. After the sample is classified into an existing category, the clustering center is
updated incrementally, as shown in equation (12).

¢j'=(nicitx)/(ni+1) (12)
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In the formula: ¢;* is the updated cluster center; n; is the number of existing samples for
class j. Due to the significant impact of clustering radius on node generation results, this
paper adopts Particle Swarm Optimization (PSO) to search for a more suitable initial radius in
the offline stage. The definition of particle fitness is shown in equation (13).

1 ~
E= \/N—v Y g ()l (13)

In the formula, E; represents the fitness of the i-th particle, measured in N m; N, is the
number of validation set samples; r; is the candidate cluster radius. The velocity update rule
of particles can be written as shown in equation (14).

Vi=wvita 11 (P i) Tasp,(g-r;) a4

In the formula: v; is the particle velocity; o is the inertia weight; a; and a, are learning
factors; p, and p, are [0,1] interval random numbers; p, is the best historical position of

the particle; g is the optimal position for the group. After completing the velocity update, the
particle position is corrected accordingly, as shown in equation (15).

ri=rqvl (15)

In the formula, »; represents the updated clustering radius. The collaborative process of
PSO and nearest neighbor clustering is shown in Figure 3. In Figure 3, the left side shows the
offline radius optimization process, while the right side displays the structural adaptation
process of online sample entry, distance judgment, center update, and new nodes. Through
first carrying out offline search and then carrying out online renewal, the network structure is
neither completely fixed nor grows stochastically after the samples go in, hence balancing the
local approximation capability of the inverse model and the computation efficiency in online
control.
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Figure 3: PSO-optimized nearest neighbor clustering workflow
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2.4 Design and simulation data setting of composite inverse controller

When relying solely on neural network feedforward compensation, if the training sample
coverage is insufficient or external disturbances are strong, the inverse model error will be
directly transmitted to the trajectory tracking results [24]. To enhance the tolerance of the
system to modeling errors and disturbances, this paper adds a proportional derivative (PD)
feedback term to the RBFNN inverse model, forming a composite control structure that
combines feedforward and feedback. The composite control law can be expressed as shown in
equation (16) [25].

1=K (9 ) Ka(qaq) (16)

In the formula, <. is the control input torque, measured in N i; ¢, is the expected joint

angle vector, in radians; ¢, is the expected joint angular velocity vector, in rad/s; K, is the

proportional gain matrix; K is the differential gain matrix. If the tracking error e=¢q -q and

the error change rate ¢=g,;-q", then the boundedness relationship satisfied by the closed-loop
error can be written as shown in equation (17).

V<-¢'K set||€]||le]] (17)

In the formula: ¥ is a Lyapunov function; ¢ is the approximation error of the inverse
model, measured in N m. The composite control structure is shown in Figure 4. In Figure 4,
the upper branch is the RBFNN feedforward inverse controller, the lower branch is the PD
feedback based on state error, and the middle part uses a torque fusion module to complete the
superposition of the two control quantities. At the same time, the input positions of
disturbance and model mismatch are also marked.
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dynamics
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Figure 4: Composite inverse-control architecture

The simulation experiment adopts a two degree of freedom robotic arm model with
parameters set as m:=23.9 kg, m>=4.44 kg, /,=0.45 m, =0.55 m, di=0.225 m, d»=0.275
m, g=9.8 m/s=Z The sampling period is 7=0.005 s, and the simulation duration is 6 s. The
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sample data is divided into training set, validation set, and test set in proportions of 70%, 15%,
and 15%. The training set is used to update RBFNN parameters, the validation set is used to
evaluate PSO candidate radii, and the test set is used to test the generalization ability of the
inverse model [26]. In the comparative setting, traditional PD control only relies on error
feedback to generate driving torque, while the method proposed in this paper first
compensates for the main nonlinear dynamics through the RBFNN inverse model, and then
corrects the remaining deviation through the PD link. Through this structural arrangement, the
synergistic effect between inverse model feedforward compensation and feedback error
correction can be observed more clearly.

3 Simulation research and result analysis

3.1 Simulation Parameter Settings

The simulation part was arranged for examining whether the inverse model which was
constructed in the previous section can enhance the trajectory tracking of a nonlinear
two-degree-of-freedom manipulator under the same sampling, gain, and reference conditions.
It is not that the experiment only uses a static comparison between two output curves, the
experiment records the reference response, tracking error, torque fluctuation, radius
optimization process, and final accuracy index. This disposing method enables the judgment of
both the direct tracking outcome and the mechanism through which the PSO-optimized nearest
neighbor clustering RBF neural network (PSO-NNC-RBFNN) makes contribution to error
suppression. The movement arm dynamic properties, controller parameter values, data dividing
work, and neutral network search arrangement are concluded in Table 1, and the numerical
values are maintained consistent with the dynamic model and compound inverse-control
framework which was built previously.

In Table 1, the connection quality parameters, connection size parameters, and centroid
position distances depict a medium-scale rigid-connection mechanical arm, whose second
joint has smaller weight but is more influenced by the coupling effect from the first joint. The
period of sampling we set as 0.005 s, therefore each 6 s experiment contains 1201 discrete
points of sampling. The proportional gain and differential gain are on purpose not excessively
adjusted: they are sufficiently strong to maintain closed loop stability, but they still leave
visible nonlinear residual errors when the controller operates in the absence of inverse
compensation. The input vector that RBF neural network uses includes joint angle, angular
speed, and angular acceleration, while the output vector is the actuation torque that the two
joints have. In the process of offline optimization, 30 particles carry out search for the initial
clustering radius through 50 iterations, and the validation-set error is utilized by us as the
fitness function. This arrangement can avoid the selection of radius being done only through
experience, which is one of the main weak points of the traditional fixed-structure RBF
network.
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Table 1: Manipulator and simulation parameter settings

Type Parameter Value Un.'t/ Function in simulation
setting
. Link masses, Define the asymmetric
Manipulator ml1/m2 23.90/4.44 kg inertia of the two-link arm
Manipulator Link lengths, 0.45/0.55 m Determine ro_tatlonal radius
11/12 and motion range
. Centroid Enter the inertia, Coriolis,
Manipulator distances, d1/d2 0.225/0.275 m and gravity terms
Gravit Generate gravitational
Manipulator Y 9.80 m/s= loading in the dynamic
acceleration, g
model
Simulation Sampling p_erlod 0.005/6.00 s Provide 1201 dlsqete points
and duration for each trial
. . Keep the same feedback
Feedback gains, diag(1550,380)/ i . .
Controller Kp/Kd diag(650,100) strength in all comparative
cases
. . Training, validation, and
0 H i)
Learning Data split 70/15/15 % independent test subsets
_ PSO and radius 3_0 par.tlcles, 50 Opt|m!ze the initial _
Learning settin iterations, re - nearest-neighbor clustering
g [0.08,0.65] scale

The reference moving path is designed to be a combination that consists of sine
components and cosine components, it is not a single-frequency signal. Under this choice, the
joints undergo different velocity and acceleration directions in the same experiment, hence
this is helpful for revealing the Coriolis, centrifugal, and gravity coupling terms that are
contained in the dynamic equation. Hence, the two initial trajectory records are reorganized
into one grouped graph, which is shown in Figure 5. Figure 5(a) provides the tracking curve
of joint 1, hence Figure 5(b) provides that of joint 2. The reference curve, the traditional PD
answering result, the fixed RBF inverse control answering result, and the put forward
PSO-NNC-RBFNN compound control answering result are drawn together to let the
difference between phase lag and amplitude recovery be more easy to recognize.

Angle (rad)

Angle (rad)

3
Time (s)

(a) Joint 1 trajectory

Figure 5: Reference and tracking trajectories of the two joints

3 B 5 6
Time (s)

(b) Joint 2 trajectory

Figure 5 displays that the PD controller follows the general tendency of the target
movement, but the produced curves do not keep sticking to the reference when quick slope
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changes happen. To joint 1, the biggest mismatching takes place near the partial crests and
troughs, at which the acceleration item changes rapidly and the feedback loop is not able to
completely make compensation for the nonlinear inverse dynamics. Regarding joint 2, the
discrepancy is more evident, for the reason that the second joint is influenced by the
movement of the first joint and also by its own relatively smaller inertia. The fixed RBF
inverse controller decreases a part of this mismatch, but its response still has local amplitude
reduction because the number and widths of hidden nodes are set in advance before the online
samples get into the network. The method we put forward nearly covers the reference result
after the brief initial adjustment. This consequence does not mean that the opposite model is
accurate; Rather, it shows that the optimized clustering radius and feedback correction make
the control task be divided into a feedforward nonlinear compensation part and a small
residual error correction part.

For the purpose of retaining the two original error records, and at the same time making
the relation between them more clear, the error curves have also been combined into a
grouped graph, which is shown in Figure 6. In Figure 6, the tracking error is defined to be the
difference which lies between the expected joint angle and the real joint angle. Figure 6(a)
together with Figure 6(b) give the error change processes of joint 1 and joint 2, and Figure 6(c)
makes bigger the error range of our put-forward method. This placing method is more capable
of giving information than listing four separate pictures, because the size, repeating feature,
and convergence action of the two connecting parts can be compared on the same visual
measuring standard.
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Figure 6: Tracking error curves and local error band of the proposed method

In Figure 6(a), the PD error of joint 1 presents a periodic wave change whose maximum
absolute value approaches 0.18 rad. This mistake is not one that is random; Its peaks can be
found near the sections of reference trajectory which have large curvature, this therefore
confirms that only the feedback gain is not enough to counteract the changing inertia and
velocity-coupling terms. The fixed RBF inverse controller makes the joint 1 error drop into a
narrower scope, but the leftover error still can be seen to keep synchronization with the
reference movement. In Figure 6(b), the same rule can be seen on joint 2, and the PD error is
a little more serious because the second joint gets coupling dynamic influences from the first
joint. The method that we have put forward holds the residual errors of two articulations
within a narrow scope after the early transient process. Figure 6(c) further displays that the
major part of steady-state error is located inside the #0.01 rad range, which is sufficient for
the judgment of whether the inverse model has given effective decoupling before the PD term
carries out fine correction.
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3.2 Simulation result analysis

The qualitative observation results which are in Figure 5 and Figure 6 have obtained further
examination through the use of numerical indicators. Table 2 has reported the root mean square
error (RMSE), mean absolute error (MAE), and maximum absolute error of the two joints
under three kinds of schemes: traditional PD control, fixed RBF inverse control which
combines with PD feedback, and the PSO-NNC-RBFNN inverse control we put forward which
combines with PD feedback. The fixed RBF case is included as an intermediate reference,
because it separates the effect of inverse-model compensation from the additional benefit
brought by optimized nearest-neighbor clustering. By this method, the comparison is not
merely able to prove that a neural network has more excellent performance than a linear
controller; it also hence shows whether the adaptive structure producing of the RBFNN
possesses usefulness.

Table 2: Quantitative comparison of trajectory tracking performance

Control strate RMSEel | RMSEe2 | MAEel | MAEe2 | Max |el] | Max |e2]
gy (rad) (rad) (rad) (rad) (rad) (rad)
PD control 00833 | 0.0954 | 00729 | 00834 | 01778 | 0.1749
Fixed RBPFD'”Verse | 00264 | 00300 | 00217 | 00249 | 00709 | 00672
Proposed PSO-NNC
RBE iveres » pp | 00083 | 00040 | 00032 | 00031 | 00232 | 0.0118

Table 2 shows that the RMSE values of the PD controller are 0.0833 rad and 0.0954 rad for
joints 1 and 2, respectively. When a fixed RBF inverse model has been brought in, the RMSE
values decrease to 0.0264 rad and 0.0300 rad, hence this proves that nonlinear feedforward
compensation is already of help. However, the PSO-NNC-RBFNN controller which we put
forward can further decrease the RMSE into 0.0053 rad and 0.0040 rad. When we make
comparison with PD control, the decrease percentages are about 93.6% for the first joint and
95.9% for the second joint. The maximum error has the decrease also from 0.1778 rad and
0.1749 rad to 0.0232 rad and 0.0118 rad. These numerical results are in accordance with the
picture display in Figure 6, and they indicate that the promotion is not restricted to one single
sampling time gap. The MAE numerical values are smaller than the RMSE numerical values in
every situation, which hence means that the leftover big deviations appear mainly in part-time
transient sections instead of across the entire simulation time window.

In addition to the accuracy of the angle, the quality of the control input also requires
consideration. A tracking curve can look precise only because a big and fast-changing twisting
force is being put into the connecting parts, which would not be good for actual driving
devices. Therefore, the torque signals that are produced by the three controllers are compared
in Figure 7. Figure 7(a) together with Figure 7(b) provide the torque change processes of joint
1 and joint 2, hence Figure 7(c) shows the mean square torque index which is calculated in the
whole simulation time period.

12




INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

100 30 1600
—— PD control —— PD control

Fixed RBF inverse + PD 25 Fixed RBF inverse + PD 1400 4 1376
—— Proposed method 20 —— Proposed method
1200 4

1000 4
800 4

600

Torque (N-m)
Torque (N-m)
Torque index (N?-m?)

400 4
=20

-40

s ’ : ' . 20 & v ; - . + o
0 1 2 3 4 5 6 0 1 2 3 4 5 6 PD Fixed RBF  Proposed
Time (s) Time (s)

(a) Joint 1 control torque (b) Joint 2 control torque (¢) Mean squared torque index

Figure 7: Control torque histories and mean squared torque index

Figure 7 makes known that the PD controller brings about bigger partial torque shaking,
especially when the tracking error changes its symbol. This kind of behavior is to be expected,
because the controller makes response to the observed error after the nonlinear dynamic effect
has already exerted influence on the output. The fixed RBF inverse controller makes a part of
the torque demand become smooth, but its torque still has moderate correction pulses in the
sections where the reference trajectory changes its curvature. The controller we put forward
distributes the needed action more uniformly: the feedforward inverse model provides the
majority of the nonlinear compensation, hence the PD loop mainly amends a small residual
error. According to what Figure 7(c) shows, the mean square torque index reduces from
approximately 1376 N=2m=under PD control to approximately 923 N=2m=under the method
we put forward. This decreasing should not be understood as simple energy minimum making,
but it hence shows that higher tracking correctness is not got through forcing a more fierce
actuator order.

The internal behavior of the improved inverse model is examined in Figure 8. Since the
RBFNN is not manually assigned a fixed number of hidden nodes, the clustering radius
determines how many local regions will be created in the input space. A radius that is too small
may create many redundant nodes and increase online calculation, whereas a radius that is too
large may merge samples that should be represented by different local basis functions. Figure
8(a) shows the PSO validation fitness, Figure 8(b) gives the growth of hidden nodes during
sample entry, and Figure 8(c) shows the sensitivity of the validation RMSE to different initial
radii.
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(a) PSO validation fitness (b) Hidden-node growth in NNC-RBFNN (c) Radius sensitivity of inverse model

Figure 8: PSO optimization and nearest-neighbor RBFNN structural evolution
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In Figure 8(a), the validation fitness decreases rapidly in the first twenty iterations and then
changes only slightly, which means that the offline search has found a relatively stable radius
region. Figure 8(b) shows that the number of hidden nodes does not grow linearly with the
number of training samples. In the starting stage, new nodes are added with rapid speed because
the input space still has not good coverage. Afterwards, more sample points are assigned into
already formed clusters, hence the number of nodes gradually becomes stable at around 46.
This kind of behavior holds importance for online control: the network can maintain enough
partial approximation capability, and it does not need to carry out continuous expansion. Figure
8(c) gives explanation for why the radius is required to get optimization not just be chosen
through experiment. When the radius gets near to the value 0.31, the verification RMSE reaches
its lowest level. On the smaller or bigger extremities of the search interval, the validation error
goes up, hence showing over-fragmentation or the excessive combination of partial sample
areas.

For the purpose of manifesting the holistic superiority in a condensed form, Figure 9 has
collected the RMSE, the maximal error, and one small robustness test under the parameter
perturbation. The perturbation experiment makes the payload and equivalent dynamic
parameters change from 0% to 20%, and it observes the average RMSE of the two joints. This
experiment does not aim to substitute physical real experiments, but it assists in exposing
whether the learned inverse model breaks down when the manipulator model is not
completely same as the nominal model.
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Figure 9: Accuracy and robustness comparison of the three control schemes

The Figure 9(a) and the Figure 9(b) give the visualization of the numerical results from
Table 2. The fixed RBF inverse controller is in the middle place, hence the put-forward
method holds the lowest RMSE and the maximum error for two joints. The superiority is
especially obvious for joint 2, which is more influenced by the coupling between joints. In
Figure 9(c), the average RMSE of PD control rises steadily, this is because when parameter
perturbation gets bigger, the feedback law does not have a direct mechanism to compensate
the changed nonlinear dynamics. The method we put forward also has a small rise appear, but
the degree of slope is far more small. This indicates that the inverse-model branch has studied
a local mapping which still keeps useful inside a moderate perturbation scope, and the PD
branch provides the leftover correction when the exact dynamics depart from the training
situation. This result gives support to the design logic of the composite controller: inverse
compensation offers the main decoupling capability, nearest-neighbor clustering modifies the
network structure in accordance with the data distribution, and feedback control stops the
inverse-model error from directly turning into trajectory error.
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4 Conclusion

This research aims to solve trajectory following control difficulties in nonlinear and strong
coupling robot arm systems through putting forward a separated control method that is based
on an improved reverse RBF neural network. By means of theoretical analysis and simulation
verification, the following key conclusions are obtained:

(1) The utilization of particle swarm optimization (PSO) for carrying out offline
optimization of the initial radius which belongs to nearest neighbor clustering can effectively
promote the approximation precision of the RBF inverse model. The optimized inversion
model can more accurately catch the inverse dynamics features of the mechanical arm,
therefore it gives a more exact inversion model for the following decoupling control.

(2) The inverse model of RBF neural network, which was cascaded together with the
original system, has formed a pseudo-linear system, hence this system is combined with PD
feedback for reaching composite control and dynamic decoupling that is between joints. This
method not merely uses the strong points of inverse control linearization, but also makes up
for inverse modeling mistakes and outside interferences by way of PD feedback, hence
guaranteeing the stable condition of the closed-loop system.

We must point out that at present this research has only completed simulation verification
for two-degree-of-freedom robot arms, and the effect of higher-degree-of-freedom robot
systems needs further verification. In addition, the PSO off-line optimized procedure
increases computation burden in the starting stage. In the future work, we will explore the
implementation of an adaptive radius adjusting mechanism, which can realize real-time
optimization, hence therefore promoting the real-time performance and the adaptive ability of
the algorithm. Extending the proposed methodology to flexible joint robotic arms or mobile
robotic systems also represents a promising direction for in-depth research.
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