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Abstract: This paper addresses the common challenges of multi-source nonlinear disturbances and
parameter uncertainties in traditional electro-hydraulic servo systems by proposing an enhanced
sliding mode control method based on a neural network adaptive observer. First, a nonlinear
mathematical model of the electro-hydraulic system was established based on the structure and
working principle of the valve-controlled hydraulic cylinder. Second, by leveraging the strong
nonlinear approximation capability of radial basis function (RBF) neural networks, the nonlinear terms
in the system were approximated online and compensated in real time. Next, an adaptive state observer
utilizing RBF neural networks was developed to precisely estimate the difficult-to-measure states
within the hydraulic system. The state estimates from the observer were integrated with sliding mode
control to design the system control law. Additionally, a low-pass filter was introduced to smooth the
control law, improving the smoothness of the controller’s output and the overall system stability.
Finally, the bounded stability of the closed-loop system was proven by constructing a Lyapunov
function. Simulation results demonstrate that under various reference signal inputs and parameter
abrupt change scenarios, the designed controller exhibits faster convergence and superior robustness
compared to traditional nonlinear controllers. Its average tracking error is reduced by 27.51%-90.2%
relative to the intelligent PID controller and by 14.55%—68.82% relative to the adaptive sliding mode
controller (ASMC). It exhibits notable improvements in control precision, dynamic response velocity,
and disturbance rejection performance, thereby offering an efficient approach to addressing nonlinear
control challenges in electro-hydraulic servo systems.
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1. Introduction

The electro-hydraulic servo system combines a hydraulic actuator with an electronic controller,
enabling it not only to deliver large power output but also to achieve high-precision control, with
applications spanning aerospace, military, metallurgy, and ships [ 1-5]. Electro-hydraulic servo systems
exhibit several nonlinear characteristics, primarily including saturation, gap, friction, and hysteresis
loop [6]. These characteristics reduce the responsiveness and control accuracy of the system and lead
to uncertainty in the output response [7]. The presence of various nonlinear factors complicates the
study and analysis of electro-hydraulic servo systems. Consequently, conventional control methods
often fail to achieve the desired control performance, making the compensation for these nonlinearities
and the development of advanced control strategies key to improving system performance [8—11].

Extensive explorations and researches to further improve the control performance of nonlinear
systems have been conducted. Examples include sliding mode control [12—-14], fuzzy control [15-17],
backstepping control [18-20], and adaptive robust control [21-23]. In response to the challenges of
nonlinearity and parameter uncertainty in physical systems, control strategies have evolved from
traditional to intelligent and from single methods to composite ones, with gradual applications across
multiple technical fields [24—29]. H. Feng et al. [30] designed a terminal sliding mode compensation
strategy by fusing adaptive sliding mode control with an RBF neural network, which effectively
suppressed the system uncertainty and load perturbation, and significantly improved the trajectory
tracking accuracy and robustness of the electro-hydraulic servo system. Q. Guo et al. [31] introduced
a fixed-time sliding mode disturbance observer to estimate the centralized uncertainty and
implemented a parameter adaptive law to compensate for the dead zone of the hydraulic servo valve
in real time. This approach guarantees that the joint trajectory error of the hydraulic manipulator
converges within a preset, predetermined fixed time, with the convergence time being independent of
the initial conditions. V. Kumar et al. [32] designed a new fuzzy PID controller by discretizing the
traditional PID controller through bilinear transformation and integrating it with fuzzy logic, which
significantly improves the performance of the nonlinear systems. M. F. Ghani et al. [33] incorporated
a fractional-order integral sliding mode surface into the conventional sliding mode control method,
designed a fractional-order integral sliding mode controller, and optimized the parameters of the
controller by using the particle swarm optimization algorithm, which achieves high-precision tracking
and control of multiple target trajectories. A. A. Khater et al. [34] proposed an adaptive fuzzy PI
controller based on a deep Q-learning network (DQLN). This approach employs the Lyapunov stability
theorem to update Q-network weights online and utilizes DQLN to dynamically adjust fuzzy input and
output scaling factors. This enables the electro-hydraulic servo system to rapidly track setpoint speeds
under conditions such as load transients, dynamic disturbances, and actuator noise, significantly
enhancing control performance. Results demonstrate superior control accuracy and robustness
compared to conventional algorithms.

Control methods like sliding mode, fuzzy, and adaptive control have led to some advancements
in electro-hydraulic servo systems, which still generally struggle to effectively manage the combined
challenges of multiple nonlinearities and significant parameter uncertainties. As a result, these existing
approaches often make it difficult to achieve a good balance between transient response, steady-state
performance, and disturbance rejection. In order to better solve parameter uncertainty and nonlinear
perturbation problems prevailing in hydraulic systems, this paper proposes an improved sliding mode
control strategy based on a radial basis function neural network adaptive observer. Using a neural
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network state adaptive observer, the system’s states are estimated, and a low-pass filtering method is
applied to reduce high-frequency noise in the control law while achieving improved tracking performance.
Additionally, the controller’s asymptotic stability is demonstrated through the Lyapunov function.

2. System model

X
e
R P
[ m «——
K Ad V2 ;; FL
T 0 0, l
— —
xv
—

—» L

p‘s lpi‘

Figure 1. Electro-hydraulic position servo system.

The electro-hydraulic position servo system is shown in Figure 1. According to Newton’s second
law, the force balance equation of the hydraulic cylinder can be established as:

mi, = p, 4, ~ Bt~ F, (1)

where m is the equivalent total mass of the piston and the external load referred to the piston; x, is
the piston displacement of the hydraulic cylinder; p, and p, are the pressures in the left and right
chambers of the hydraulic cylinder, respectively; p, = p, — p, is the pressure difference; 4, is the

pressurized area of the hydraulic cylinder; B is the coefficient of the kinematic viscous damping;
and F, is the sum of the nonlinear interferences including the kinematic friction.

If the external leakage factor of the hydraulic system is ignored, the dynamic equation of the
pressure in the left and right chambers of the hydraulic cylinder is:

b :%(_Ad‘x':p -Gp, +Q1)
ﬂl (2)
py=22(4,%,+Cp, - 0,)

o
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where f, is the effective volumetric bulk modulus of hydraulic oil; V; =V, + 4,x, is the volume of
the left chamber; V;, is the initial volume of the left chamber; V, =V, —4,x, is the volume of the
right chamber; V;, is the initial volume of the right chamber, and V,, =V, =V, ; O, is the supply
flow rate of hydraulic cylinder; O, is the return flow rate of hydraulic cylinder; and C, is the total

internal leakage coefficient. According to p, = p, — p,, the following equation can be obtained:

__)Ap, . WAV)GE OV +ON)E,
L A 4% Lt 4% @)
1”2 1" 2 1”2
The equations of flow rates are as follows:
O =Ku [S(u)\/p —pi+s(-u)\p—p, |
“4)
0,=Kus(u)\Jp,—p,+s(-u)\p,~ p, |

where K, represents the total flow gain of the servo valve; p _ represents the supply pressure; p,

represents the return pressure; and u represents the control voltage. The function s(u) is defined
as follows:

I, u=0
s(u>={0 Y 5)

The state variables of the electro-hydraulic position servo system are defined as
x =[x x, x, ]T = [xp X, p, T. Then, the third-order state space expression of the entire system can be

obtained as:
X, =X,

1
X, = Z(Ad)% —Bx, - F),)

(6)
X, =f+tgu
y=%
where F, isabounded function. The definitions of f. and g_ are as follows:

R =s(u)\p,—p +s(-u)yp P,

R, =s(u)\p,=p, +s(-u)yp.—

. i +V)4,5. ¥, - " +V)CA, X, 7)

" ",
g — IBeKe(RlV; +R2VI)
) n;
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3. Controller design

The controller block diagram is shown in Figure 2.
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Figure 2. Controller block diagram.

As shown in Figure 2, the system takes the expected displacement command of the hydraulic
cylinder piston as input. The initial control signal from the sliding mode controller is smoothed using
a low-pass filter to mitigate chattering caused by high-frequency switching. Then, the servo valve
drives the hydraulic cylinder to control the displacement of the piston. Concurrently, the RBF neural
network adaptive observer performs real-time estimation of the system’s displacement, velocity, and
nonlinear components. These estimated parameters are subsequently fed back into the sliding mode
controller to dynamically compensate for model uncertainties and external disturbances. The neural
network is updated by an adaptive law designed based on the Lyapunov function, thus forming a
complete closed-loop framework that ensures high precision, fast response, and strong robustness of
the system.

3.1. RBF adaptive state observer design

In practical applications, complex dynamic problems occur, including nonlinear disturbances,
parameter uncertainties, and unmodeled dynamic behaviors. These problems may lead to system
performance degradation in application scenarios requiring high accuracy and fast response, such as
increased steady-state error and reduced stability. The state observer can monitor the state of the system
in real time. By designing suitable observers, the displacement and velocity of the actuator can be
estimated online, providing accurate observation of these signals that are difficult to measure directly.

In order to reduce the abrupt change or chattering in the controller, the RBF neural network is

used to approximate the nonlinear terms fx and &.. The RBF neural network is mainly composed

of the input layer, the hidden layer, and the output layer, and its basic structure is shown in Figure 3.
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Figure 3. RBF neural network structure.

Using RBF universal approximation characteristics to approximate 1 and 2, the network algorithm is:

2
h =exp b=el ®)
2
' 2b/
{]‘; = W*Thf (X) + (91 (9)
g.=V"Th,(x)+e,

where x is the input of the network, j is the node of the hidden layer, W and V" are the ideal
weights of the network, and ¢,,¢, 1s the approximation error of the network; all of which are bounded
real numbers.

If the network input is set to x= [x1 X, X, u] , the network output is:

f.=W"h(x)

X (10)
g, =V'h(x)

where @ and ¢ are estimates of neural network weights, and the weight update rule is provided in
Section 4.
The observer is designed as follows:
A ~ a N
X=X +_l(y_x1)

A T )
x2ZE(Adx3—Bx2—FL)+%(y—xl) (11)

)é3 :Ji+§x~u—r+%(y—fcl)
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Where r:D-tanh(e p) is the robust term, D is the parameter to be designed, tanh is an
hyperbolic tangent function, e, =x, —x, is the position observation error, X,X,,%; are observer
states, 0 <& <<1,and «,,,,and ¢, are positive real numbers.

N e e A a a a .
Define Xx=x—-x W =W -W V=V-V", let h=— h =—= hj=—§,thentheequat10nof
£ £

2 M
&

state for the estimation error is:

X, =—-hX +X,

2 -1 - -
X, =—h,X, Jr;(Aa,x3 - BX,)

(12)
Xy =—h% -W'h (x)+¢
—VThg(x)u +&,+r
~h 1 0 0
A, -m_. B . .
Let A=|-h, 0 1|,H= X, ——X, , then the equation of state for
m m
—h 0 0 —WThf(x)+g1 —VThg(x)M+€2 +r
the estimation error can be simplified as follows:
X=AX+H (13)

When hj >0 inmatrix 4, A isa Hurwitz matrix, i.e., the eigenvalues of A4 are negative,

then there exists a real symmetric positive definite matrix P and a positive definite matrix Q

satisfying the following equations:

A"P+PA+Q=0 (14)

3.2. Sliding mode controller design

Define x,, asideal trackingsignaland e =%, —x,, as the position tracking error of system, and

the sliding mode surface can be designed as:

s=ce+ce+eé+f(¢) (15)

where G and G are constants greater than 0, designed to satisfy the Hurwitz condition. f(¢) is an

auxiliary function designed to enable the system to achieve global sliding mode, whose characteristics
satisfy the following conditions: f(¢) is differentiable of the first order; when ¢ —» o, f(t)— 0;and

1(0) =c,e(0)+c,é(0) +€(0) -
f() is designed as follows:
fO)=f0)-e” (16)
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Taking the derivative of Eq (15), it can be obtained as follows:
S=ce+c,é+é+ f(1)
=clé+czé+l(Ad)é3—B)é2—FL)—ae;d+f(z) (17)
m

Ad<j’x +§X-u—r+h3ep)—FL+

} +eetc,é—X 4 f(1)

1
m hzep—B[i(Adfc}—chz—FL)
m

To mitigate the chattering phenomenon associated with the sign function in conventional sliding
mode reaching laws, while simultaneously preserving the rapid convergence characteristic during large
error conditions and ensuring steady-state precision in the vicinity of small errors, a sliding mode
reaching law integrating a power term with a hyperbolic tangent function is proposed, as expressed below:

§=-n|s|” tanh(s)-k|s |’ tanh(s) (18)

where 7 and k are both parameters to be designed greater than 0, while « and [ satisfy
0 < a <1< f. When the state of the system is far away from the sliding mode surface, the approaching
speed is adjusted by the power term |s|“ to realize fast convergence; when the state of the system is
close to the sliding mode surface, the approaching accuracy is controlled by the power term |s|” to
avoid high frequency chattering. The hyperbolic tangent function is employed as a substitute for the
sign function to achieve continuous smooth control, so that the dynamic response and steady-state
tracking performance are optimized while suppressing chattering.

According to Eqs (17) and (18), the sliding mode control law based on the RBF adaptive
observer can be designed as follows:

1H-n|s|“ tanh(s)-k | s |’ tanh(s)] . B[Ad)%3-B)%2 ﬂ
-m+F, +

1 Ad -C]é-CZ'é-f(l‘)-F.).C‘ld m 'FL +Mhzep

(19)

he, - f.+r

where £>0,7>0.

In the design of sliding mode controllers, as the system state nears the sliding surface, the rapid
switching of the control law often induces sudden variations in the control gain along the sliding
surface. This phenomenon, known as chattering, can substantially impair overall control performance.
To mitigate chattering caused by sliding mode gains, a composite control strategy combining sliding
mode variable structure control with filtering can be employed. This effectively attenuates chattering
signals, ensuring the smooth continuity of the system controller and providing smoother position and
velocity responses for the system model. Introducing a low-pass filter as shown in Eq (20) to smooth
the controller’s switching control quantities can significantly suppress oscillation while maintaining
system robustness.

A
s+ A

T(s)= (20)
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where A is the bandwidth of the filter.
The time-domain differential equation for the filter is:

YO+ Ay, () = Au(?) ey

where u(?) is the signal before filtering, and y,(¢) is the filtered output signal.

From Eq (19), it follows that u is continuously differentiable. Defining the filtering error as
e, (1) =u(t)—y,(¢), differentiating it and substituting into Eq (21) yields the following expression:

e, () =u(t)— e, (1) (22)
The solution to the differential equation shown in (22) is:
e(t) =e(0)e ™ + J.Ot e "i(r)dr (23)

When the derivative of the input signal is bounded, the following equation holds:

e(t) < e(0)e ™ + % (1—e™) (24)

When ¢ — o0, lim|e(?) [< % , so the filtering error ultimately converges to a bounded value.
—w

4. System stability analysis

The Lyapunov function for the sliding mode control is taken as:

V=5 (25)

Differentiating both sides of Eq (25) yields:

V. =s§
| Ad(ﬁc+§x~u—r+h3ep)—FL— . (26)
=8y 1 R X - X, +cet+c,e+ f(t)
M| B| —(A4,% —Bx, - F,)+he,
m

Substituting the control law « into Eq (26) yields:

V. =-ns|s|" tanh(s)-ks|s |’ tanh(s) (27)
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Because k>0,7>0, when s>0 , then VS =—(s"" +ks"")tanh(s) ; at this moment,
tanh(s) >0 ; therefore, there is VS <0. When s<0, then tanh(s)<0, s|s|<0, and s|s[’<0;
therefore, there still is VS <0.

Take the Lyapunov function of the closed-loop system as:
V=r+V, (28)
where

g W'W+—vV'yv (29)

v :l~TP3"c+ 1
2 2

| =

Clearly, Eq (29) is a positive definite function. Substituting Eq (13) into its time derivative of
Eq (29) yields:

V=X PR+ WW VY

— X PA%+ X PH + W'W +VV

m—4, (30)

—%”2”2 Bpp - %'PB,%, + X'PB,[-W 'h ,(x)
m
—VThg(x)u +c}+ WTW + VTI}
where B/ =[010],B, =[010],B; =[001], and ¢=¢g +&, +r. Define A_. and A__as the
1 2 ‘min ‘max

minimum and maximum eigenvalues of the matrix, respectively. The adaptive law for neural network
weights is:

W = XPB.h (x)-W

; A 31)
V =xPB;h (x)u—V
Substituting Eq (31) into (30) and expanding the right-hand side yields:
V, = —M||x||2 —E;cTPlez _m—4 X'"PB.%, +cX'PB, -W'W —VV
° 2 m
A .p B - -4 e Lye 1
- 1 e Ty [ R e
(32)
A R A LA R |
2 2 2 2

e | 5+

Define the parameters as follows:
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¢ =[J3f 45 5]

I =diag[7,,7,,7;,7, ] (33)
Lyoowz Ly« 1 2

]/:EHW +E‘V +§C‘2||PB3||

A m—A 1
where 7, =%,r2 =£, T, = - < T, =5. Selecting an appropriate matrix @ ensures that

I’ is positive definite, and V. can be obtained as:

o

) o 1y~ 1~
N e (I

<=l =517 -3 +r o4
{m 1} ey
C w2

A (N1
Let 0= {/IL((P;’E} . For the differential inequality (34), the solution for any >0 is:

V(1) <V (0) e””+%(l —e ) (35)
From Egs (27) and (35), it can be seen that the system can achieve bounded stability.
5. Simulation experiment analysis

The relevant parameters adopted by the model are shown in Table 1. To quantitatively assess the
dynamic performance of the proposed control strategy, a mathematical model of the electro-hydraulic
position servo system was developed within the Matlab/Simulink simulation environment, utilizing
the parameters provided in Table 1. Subsequently, simulation analyses were conducted.

When setting the gain parameters of the observer, it is only necessary to ensure that the system
matrix A4 of the observer’s estimated error state equation satisfies the Hurwitz condition.
Subsequently, manual fine-tuning can be performed based on engineering experience under these
circumstances. When configuring neural network parameters, the model’s observable values are
selected as the input vector. The choice of center vector ¢ should correspond to the input vector’s
range, meaning its numerical interval must be at least greater than that of the input vector. The width
b of the Gauss-Kohler function correlates with the neural network’s mapping capability for the input
vector; typically, its value is set to a moderate level during debugging. During simulation debugging,
a large initial value is assigned to the sliding surface parameter ¢, and a small initial value to c,

(while satisfying the Hurwitz condition). Gradual fine-tuning is based on tracking performance.
Sliding approach law parameters 7 and k are incremented proportionally until oscillation subsides.

Finally, ¢ and f are adjusted to ensure that ¢ is much smaller than /, to balance convergence
speed and steady-state accuracy. The controller exhibits low sensitivity to the filter parameter A, which
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can typically be selected using common empirical values. The final control parameters for the RBF
neural network-based adaptive observer sliding mode controller (RBFSMC) are presented in Table 2.

Table 1. Parameters of the electro-hydraulic position servo system.

Name Symbol Numerical value
Effective area of the symmetrical cylinder A, 1.26x107° m?

Equivalent load mass m 300 kg

Oil supply pressure Py 1x10"Pa

Return oil pressure P, 0

Hydraulic oil volume elastic modulus B, 6.09x10°Pa

Valve gain coefficient K, 3.81x10°m’ - (s- V-/Pa)’
Initial volume of the hydraulic cylinder Vo 2.03x10° m’

Hydraulic cylinder internal leakage coefficient C 5102 m®-(N-s)™
Kinematic viscosity damping coefficient B 3%x10° N-(m/s)!

Table 2. Parameters of the RBFSMC controller.

Parameters Values Parameters Values
G 4x10* D 0.2

) 10 ) 185

b 10 a, 200

A 25 a, 101

£ 0.001 a 100

Ui 400 k 1

To assess the efficacy of the control strategy introduced in this study, simulations were conducted
comparing the proposed controller with a particle swarm optimization-based PID controller (PSOPID)
[35] and an ASMC controller [36], the latter employing a parameter adaptation law derived from the
Lyapunov function associated with sliding mode control. These controllers were evaluated under three
distinct reference signals: Reference signal 1: x,, = 0.8; Reference signal 2: x,, =sin(z)( l1-e);

Reference signal 3: x,, =0.1sin(zt/2—x/6)+0.05). Their respective tracking errors were analyzed

and compared. During the evaluation process, three key performance indicators were used to assess
the tracking quality of the control system: the average tracking error x , the maximum steady-state

error M,, and the standard deviation of the tracking error o . These are defined as follows:

M:max{

e .
i=1,2,**,n

=y el
e(i)|}
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In the simulation, to verify the controller’s robustness, disturbances were applied under three
reference signals at —0.Isin(x,), —0.2sin(xx,), and —0.25sin(x,x, +0.5¢0)e™*™ . At r=3, the
equivalent load m 1is suddenly increased to 1.2 times its original value, while parameters C,, K,,
and [ are reduced to 85% of their original values, with this state persisting for 3 s.

Figure 4 illustrates the tracking performances of the three controllers in response to reference
signal 1 (a step input), and Table 3 provides a comparative analysis of their transient response
characteristics.

. T T 1 T T
b Expected Displacement -------- ASMC ——PSOPID —— ASMC ——RBFSMC
12} ——PSOPID e RBFSMC
1 s
= 2 0.5
= 08 == — El
B I T :
g 0.6 f 4 ED /
EXXL! “ ---------------- 2 0 —
A h{ = - S
0.2}
0 L
-0.5
-0.2
0 5 10 15 0 5 10 15
Time(s) Time(s)
(a) (b)
Figure 4. Tracking performances of the three controllers under reference signal 1.
Table 3. Simulation performance indexes under reference signal 1.
Controllers H M, o Settling time (s)  Overshoot (%)
PSOPID 3.89 x 1073 1.06 x 1073 3.53x102  0.165 63.50
ASMC 3.30 x 1073 2.39 x 1073 222x102  4.51 12.73
RBFSMC 2.82 x 107 7.71 x 104 3.81 102 0.09 0

As illustrated in Figure 4, the displacement response curve corresponding to the RBFSMC
controller demonstrates the most rapid rise time and the least overshoot. Furthermore, its steady-state
error remains consistently lower compared to those observed in the PSOPID and ASMC controllers.
This demonstrates superior transient performance and robustness. In conjunction with the quantitative
data presented in Table 3, the RBFSMC controller demonstrates an average error reduction of
approximately 27.51% relative to the PSOPID controller and 14.55% relative to the ASMC controller.
These findings further substantiate the dual benefits of the RBFSMC controller in terms of both
accuracy and response speed.

The tracking performances of the three controllers under reference signal 2 are compared in
Figure 5, while the observation performance of the observer is compared in Figure 6. To quantitatively
evaluate the controllers’ performance, their performance metrics were calculated using the
performance index formula, as shown in Table 4.
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Figure 5. Tacking performances of three controllers under reference signal 2.
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Figure 6. Observer performances under reference signal 2.

Electronic Research Archive Volume 33, Issue 11, 6700-6719.



6714

Table 4. Simulation performance indexes under reference signal 2.

Controllers e M, o

PSOPID 5.33 x 107 1.93 x 1072 2.54 x 107
ASMC 5.13 x 107 1.19 x 1072 7.86 x 1073
RBFSMC 3.7x103 7.34 x 1073 5.37 x 103

As shown in Figure 5, the RBFSMC controller demonstrates superior response speed and steady-
state error compared to the other two controllers. It also exhibits minimal tracking error fluctuations
during parameter abrupt changes, indicating excellent robustness. The observation performance of the
three state variables in Figure 6 demonstrates that the designed neural network-based adaptive observer
accurately estimates the model state under reference signal 2. It exhibits fast response speed and
maintains continuous observation even during sudden parameter changes, indicating excellent
observation performance. Table 4 demonstrates that, in comparison to the PSOPID and ASMC
controllers, the RBFSMC controller attains superior performance across all three evaluated metrics.
Specifically, its mean error is decreased by 30.58% relative to the PSOPID controller and by 27.87%
relative to the ASMC controller.

The tracking performance comparisons of the three controllers under reference signal 3 are shown
in Figure 7. The observation performance comparisons of the observer are shown in Figure 8. The
performance metrics comparisons of the three controllers are shown in Table 5.

Expected Displacement -—---— ASMC —PSOPID —— ASMC ——RBFSMC

e —PSOPID e RBFSMC
A —

0.15 1 /
-0.05 %107

Displacement (m)
=
=
W
Tracking error(m)
j=1
1
—_ O =

-0.2

. 005 . .
10 15 0 5 10 15
Time(s) Time(s)

() (b)

Figure 7. Tracking performances of three controllers under reference signal 3.

Table 5. Simulation performance indexes under reference signal 3.

Controllers 2 M, o

PSOPID 3.50 x 1073 9.04 x 10 1.63 x 107
ASMC 1.10 x 1073 1.10 x 1073 7.30 x 1073
RBFSMC 3.43 x 10* 3.53 x 10* 5.16 x 1073
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Figure 8. Observer performances under reference signal 3.

As illustrated in the tracking performance presented in Figure 7, the RBFSMC controller still
exhibits the fastest response speed and steady-state accuracy under reference signal 3 compared to the
other two controllers. As shown in the tracking performance of the three state variables in Figure 8§,
the designed neural network observer accurately estimates the model’s state variables under reference
signal 3. As indicated in Table 5, the RBFSMC controller consistently exhibits superior performance
across all three evaluated metrics when compared to the PSOPID and ASMC controllers. Specifically,
it achieves an average error reduction of 90.2% relative to the PSOPID controller and 68.82% relative
to the ASMC controller.

Simulation outcomes across three distinct reference signals indicate that the PSOPID and ASMC
controllers display substantial tracking errors, prolonged convergence durations, and a marked
susceptibility to instability in response to sudden parameter variations, thereby reflecting inadequate
disturbance rejection capabilities. In contrast, the RBFSMC controller not only achieves minimal
tracking errors but also converges rapidly within an extremely short timeframe. It delivers stable
tracking performance and higher steady-state accuracy. Across the three comprehensive performance
metrics—maximum tracking error, average tracking error, and standard deviation of tracking error—
RBFSMC demonstrates a clear advantage. This suggests that the controller not only provides precise
estimation of the system state within the hydraulic system but also successfully achieves a balance
between dynamic response speed and steady-state accuracy, demonstrating strong robustness.
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6. Conclusions

By employing a radial basis function neural network observer for online estimation and
compensation of system nonlinearities and designing a sliding mode control law based on the
observer's state measurements, the approach effectively resolves parameter uncertainties and unknown
external disturbances in electro-hydraulic servo systems. This significantly enhances the system’s
position control accuracy and robustness. Furthermore, to suppress high-frequency noise and improve
system stability and control performance, a low-pass filter is introduced to smooth the controller,
enhancing its smoothness and stability. Simulation analysis thoroughly validates the effectiveness of
the designed controller. Compared with PSOPID controllers and adaptive sliding mode variable
structure controllers, the proposed controller demonstrates distinct advantages in performance metrics
under various reference signals. It exhibits superior tracking performance and robustness, thereby
proving its outstanding capability in nonlinear control of electro-hydraulic servo systems. However,
this approach still has limitations: initial neural network weights rely on empirical data, failing to
achieve fully adaptive optimization; real-time challenges arise from high-order system dimensionality
scaling; and it inadequately addresses multi-source coupled disturbances and actuator failures. Future
work will focus on optimizing network architecture and initialization through reinforcement learning
or meta-learning, developing lightweight algorithms for low-cost hardware with real-time validation,
and extending the approach to fault-tolerant and multi-actuator cooperative control. These efforts aim
to further enhance system reliability and stability under complex operating conditions.
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