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Abstract.  
With the accelerated development of automation and unmanned operations in heavy-load 
engineering fields, higher demands are placed on the control performance of hydraulically 
driven heavy-load manipulators. However, hydraulic manipulators suffer from prominent 
issues such as large load fluctuations, significant dynamic model errors, and strong joint 
coupling characteristics, which readily lead to degraded control performance. To achieve 
high-precision pose control, this study proposes a nonlinear disturbances compensation 
controller. A multidimensional radial basis function neural network (mRBFNN) is used to 
approximate various uncertain nonlinearities present in the system. Combined with the 
backstepping method, a nonlinear robust integral of the sign of the error (RISE) controller 
is designed. Online compensation for uncertain nonlinearities is realized during the control 
law design process, thereby enhancing system robustness. The Lyapunov stability theory 
proves that the system is stable and all signals are bounded. Simulation results demonstrate 
that the proposed control strategy significantly improves joint tracking accuracy and anti-
disturbance capability of the hydraulically driven manipulator, fully validating the 
effectiveness of the control strategy. 
Keywords. Hydraulic manipulator, Electro-hydraulic servo system, Multidimensional 
radial basis function neural network (mRBFNN), Disturbances compensation. 

1. INTRODUCTION 

In fields such as heavy equipment, hydraulic systems play an irreplaceable role[1]. However, 
hydraulic systems inherently possess strong nonlinearity, time-varying parameters, and 
sensitivity to external disturbances, posing significant challenges to achieving high-
precision control[2]. In recent years, with the rapid development of nonlinear control theory, 
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combining advanced control strategies with the characteristics of hydraulic systems to 
achieve high dynamic performance control for multi-degree-of-freedom (DOF) hydraulic 
manipulators has become a hot topic of common interest in academia and industry[3]. 
In the field of nonlinear control theory, methods such as sliding mode control, adaptive 
control, and robust control have been widely applied in hydraulic systems[4][5]. However, 
most current research focuses on single-DOF systems, leaving room for improvement in 
handling the coupled nonlinearities of multi-DOF hydraulic manipulators[6]. 
In recent years, significant progress has been made in the field of fluid power transmission 
and control regarding hydraulic system modeling and compensation. Liu et al.[7] proposed 
a model predictive control based on a state observer for large-scale offshore hydraulic 
systems, laying a foundation for high-precision control of hydraulic systems under complex 
working conditions. Literature[8][9] published in the journal Chinese Hydraulics & 
Pneumatics proposed compensation strategies for the nonlinear flow characteristics and 
pressure dynamics of valve-controlled asymmetric cylinders, respectively. Notably, Xia et 
al.[10] experimentally verified the good effect of friction compensation on improving the 
low-speed performance of hydraulic systems. Regarding parameter identification, intelligent 
algorithms such as particle swarm optimization[11] and deep reinforcement learning[12] 
have been introduced to improve model accuracy. However, most existing compensation 
methods rely on accurate system models, and their adaptability to parameter variations in 
multi-DOF systems needs further enhancement. 
Traditional PID control is still widely used in industry due to its simple structure and few 
adjustable parameters, but its performance is limited when dealing with the nonlinear 
coupling characteristics of hydraulic manipulators. To address this issue, scholars have 
proposed various solutions: Yao et al.[13] designed an adaptive robust controller to handle 
model uncertainties; Chen et al.[14] combined a disturbance observer with the backstepping 
method to suppress the effects of external disturbances. In the study of manipulator 
trajectory tracking, Zhu et al.[15] verified the advantage of prescribed performance control 
in constraining tracking errors, but this study did not consider the dynamic characteristics of 
hydraulic actuators. 
The remaining sections of this study are arranged as follows: Section 1 introduces the 
nonlinear mathematical model of the hydraulic manipulator; Section 2 details the design 
method of the multidimensional neural network; Section 3 presents the design process of the 
nonlinear integral robust controller; Section 4 verifies the effectiveness of the proposed 
algorithm through simulation examples; Section 5 summarizes the research. 
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2. NONLINEAR MATHEMATICAL MODEL OF THE HYDRAULIC 

MANIPULATOR 

2.1. Dynamic Model of the Hydraulic Manipulator 
Using the Lagrange energy method, the dynamic equation for a multi-DOF manipulator can 
be formulated as follows 
 ( ) ( ) ( ) ( )1, t t= + + + Δτ M y y C y y y G y      (1) 

where ( ) n n×∈M y   is the manipulator's mass matrix, which is positive definite and 
symmetric. Its off-diagonal elements ij jiM M=  represent force coupling effects between 
joints. ( ), n n×∈C y y   represents the Coriolis and centrifugal force matrix, describing the 
coupling between joint velocities and forces. ( ) n∈G y   is the gravity vector. ( )1

n
t t ∈Δ   

represents unmodeled uncertainties in the manipulator's dynamic model, such as link 
elasticity, joint clearance, and connection relationships. [ ]T1,..., n

ny y= ∈y   represents the 
rotation angle of each joint. 

 
Figure 1 Configuration Diagram and Actuator of m-DOF Hydraulic Manipulator 

As shown in Figure 1, hydraulic motors and hydraulic cylinders are responsible for driving 
different joints. The hydraulic cylinder is a single-rod cylinder, where 1 denotes the rodless 
chamber and 2 denotes the rod chamber. The hydraulic motor is a rotary actuator, with its 
position controlled by regulating the flow into and out of its ports via a servovalve. 
Assumption 1: The servovalve's orifices are considered symmetric, and its dynamics are 
simplified as a proportional element. 
Assumption 2: Considering the compact layout of the device and oil source, the oil in 
different chambers is assumed to have the same bulk modulus. 
To maintain generality, the pressure dynamics of the electro-hydraulic servo system can be 
described as: 

 
( )( ) ( )
( )( ) ( )

1
1 e 1 1 1 s t 1 2 1

1
2 e 2 2 2 s t 1 2 2

i i i i i i i i

i i i i i i i i

p V q A x C p p d t

p V q A x C p p d t

β

β

−

−

 = − − − +


= − − + − −

   

   
  (2) 
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 1 01 1 s

2 02 2 s

i i i i

i i i i

V V A x
V V A x

= +
 = −

  (3) 

where the subscript i  denotes different joint numbers, 1,2,...,i n= ; eβ  represents the bulk 
modulus of the hydraulic oil, assumed constant; six  represents the displacement of the 
actuator driving the joint. For a hydraulic motor, this is the joint rotation angle; for a 
hydraulic cylinder, it is the piston displacement. 1iA  and 2iA  are the effective areas of the 
piston or motor vane; 01iV  and 02iV  represent the initial volumes of the two chambers; 1iV  
and 2iV  represent the actual volumes of the two chambers during motion; 1ip  and 2ip  
represent the pressures in the two chambers; 1iq  and 2iq  denote the flow rates into/out of 
the two chambers; tC  is the internal leakage coefficient; ( )1id t  and ( )2id t  represent 
unmodeled uncertainties and external leakage in the pressure dynamics model. 
The servovalve adjusts the orifice opening by changing the spool position, thereby 
regulating the flow into and out of the actuator chambers. The servovalve flow equation can 
be expressed as: 

 
( ) ( )( )
( ) ( )( )

1 1 1

2 2 2

i qi vi vi s i vi i r

i qi vi vi i r vi s i

q k x s x p p s x p p

q k x s x p p s x p p

 = − + −


= − + −

  (4) 

 2 ,       qi di i vi ui i
i

k C w x k uρ= =   (5) 

where qik  represents the flow gain for the left and right spool displacements of the 
servovalve; sp  is the supply pressure, rp  is the return pressure; vix  is the servovalve 
spool displacement; diC  is the flow coefficient of the servovalve orifice; iw  is the area 
gradient of the orifice; ρ  is the density of the hydraulic oil. The function ( )s ∗  is defined 
as: 

 ( )
1,      if 0
0,      if 0

s
∗ ≥

∗ =  ∗ <
  (6) 

Therefore, the flow equation (4) of the electro-hydraulic servo system can be rewritten as: 

 1 1

2 2

i ti i i

i ti i i

q k R u
q k R u

=
 =

  (7) 

where ti qi uik k k= . Also: 

 
( ) ( )
( ) ( )

1 s 1 1 r

2 s 1 1 r

i i i i i

i i i i i

R s u p p s u p p

R s u p p s u p p

 = − + −


= − + −
  (8) 

The actual output force/torque of the electro-hydraulic servo system can be expressed as: 

2.2. Linear-to-Rotational Nonlinear Transformation of the Actuator 
The actuators of the multi-DOF hydraulic manipulator primarily consist of valve-controlled 
hydraulic cylinders and hydraulic motors. Two hydraulic cylinders are responsible for 
driving the joints with larger loads (joints 2 and 3), involving a nonlinear transformation 
from linear to rotational motion, i.e., a structural nonlinear relationship exists. 
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Figure 2 Schematic Diagram of Joint Linear-to-Rotational Nonlinear Transformation 

The structural nonlinearity of the hydraulic manipulator is shown in Figure 2, where a 
hydraulic cylinder pushes a load to rotate about a pivot. Here, iy  represents the initial angle 
between the driven link and the horizontal plane; 0iy  represents the initial angle between 
the two pivot points of the cylinder and the link's rotation axis; 1il  is the distance from the 
fixed pivot of the cylinder to the link's rotation axis; 2il  is the distance from the moving 
pivot of the cylinder to the link's rotation axis; 0il  is the initial length of the cylinder. 
Based on the geometric relationships and the law of cosines, we obtain: 
 ( )2 2

1 2 1 2 02 cosi i i i i i il l l l l y y= + − +   (9) 

Let the actual displacement of the cylinder be p 0i i ix l l= − . Thus, the actual velocity of the 
cylinder is: 
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( )

( )
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p p
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2 2
1 2 1 2 0

d d
d d

sin

2 cos

i i i
i i

i i i i
i

i i i i i i

i i i

l l lv x
t t

l l y y
y

l l l l y y

S y y

−
= = =

+
=

+ − +

=







  (10) 

where ( )i iS y  is also the perpendicular distance from the cylinder to the link's rotation axis. 
Based on the above analysis, six  in Eq. (3) can be expressed as: 

 
( )s 2 2

1 2 1 2 0 0

                                                 ,driven by motor

2 cos ,driven by cylinder

i
i

i i i i i i i

y
x

l l l l y y l

= 
+ − + −

  (11) 

The actuator's own velocity can be obtained from Eq. (11): 
 ( )si i i ix S y y=    (12) 
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 ( ) ( )
( )

1 2 0
2 2
1 2 1 2 0

  1                                         ,driven by motor
sin

,driven by cylinder
2 cos

i i i ii i

i i i i i i

l l y yS y
l l l l y y


 += 
 + − +

  (13) 

Combining Eq. (9), the actual output torque of the manipulator actuator for each joint can 
be expressed as: 
 ( )( )1 1 2 2i i i i i i iT S y A p A p= −   (14) 

2.3. State-Space Equation of the Hydraulic Manipulator 
To facilitate subsequent controller design and analysis, define the state variables 

T T T T
1 2 3[ , , ]=x x x x , T

1 1 2[ , , , ]ny y y= =x y  , T
2 1 1 2[ , , , ]ny y y= =x x    , 3 1 1 2 2= −x A p A p . Define 

the manipulator's time-varying rotation angle and angular velocity as iy  and iy , 
respectively. Combining the above equations, the nonlinear dynamic model of the multi-
DOF hydraulic manipulator can be expressed in state-space form as: 

 
( ) ( ) ( ) ( )
( )

1 2
1

2 1 1 3 1 1 2 2

1
1 1

3 1 2 3 2

,

t

t

−

−

=

 − −  

+

− − +

Δ
Δ

x x

x = M x S x x G x C x x x

M x
x = f u f f







  (15) 

where the control input vector for each joint's actuator in the hydraulic manipulator system 
is T

1 2[ , , , ]nu u u=u  ; expressions for other vectors can be found in [16]. 
Assumption 3: The commanded trajectory [ ]T1 11 12 1, , ,d d d ndx x x=x   for each joint of the 
hydraulic manipulator is third-order differentiable, and all its derivatives are bounded. 
Assumption 4: The elements of the unmatched uncertainty [ ]T1 11 12 1, , ,t t t t n= ∆ ∆ ∆Δ   and the 
matched uncertainty [ ]T2 21 22 2, , ,t t t t n= ∆ ∆ ∆Δ   are sufficiently smooth, and their first and 
second derivatives exist and are bounded. 

3. MULTIDIMENSIONAL NEURAL NETWORK DESIGN 

For hydraulic manipulators, complex joint coupling and unmodeled uncertainties are the 
main factors affecting high-precision position tracking. Therefore, this section employs a 
multidimensional radial basis function neural networks (mRBFNNs) to approximate and 
estimate the uncertain joint coupling dynamics and unmodeled disturbances of the hydraulic 
manipulator, achieving feedforward compensation during the controller design process. 
From (16), it can be seen that 1tΔ  is related to the position, velocity, and acceleration signals 
of each joint, while 2tΔ  is only related to joint positions. Therefore, 1tΔ  and 2tΔ  can be 
designed in the following form: 

 ( ) ( )
TT T

1 11 11 1 1 1 1, ,t n n n = + Δ W h χ W h χ ε   (16) 

 ( ) ( )
TT T

2 21 21 1 2 2 2, ,t n n ny y = + Δ W h W h ε   (17) 

where [ ]T1 1 1 1, , H
i i iHW W= ∈W   , H  represent the number of neurons in the first neural 

network hidden layer; [ ]T2 2 1 2, , L
i i iLW W= ∈W   , L  represent the number of neurons in the 
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second neural network hidden layer; [ ]T1, , ,i i i iy y y=χ    is the input signal to the first neural 
network; [ ]T1, , n

i i inε ε= ∈ε    represents the function reconstruction error; 
[ ]T1 1 1 1, , H

i i iHh h= ∈h    and [ ]T2 2 1 2, , L
i i iLh h= ∈h    are the Gaussian radial basis functions 

for the two different neural networks, expressed as follows: 

 
2

1 4
1

1

1,2, ,
exp ,  

1,2, ,2
i j

ij
j

I i n
h

j H
σ

ι

 − = = −   =   

χ 


  (18) 

 ( )2
2

2
2

1,2, ,
exp ,  

1,2, ,2
i j

ij
j

y i n
h

j L
σ

ι

 − = = −   =   




  (19) 

where T
1 1 1, ,j Hσ σ =  σ   and T

2 2 2, ,j Lσ σ =  σ   represent acceptable center ranges; 
T

1 1 1, ,j Hι ι =  ι   and T
2 2 2, ,j Lι ι ι =    represent the widths of the Gaussian functions. 

Assumption 5: The function reconstruction error [ ]T1, ,i i inε ε=ε   and its second derivative 
with respect to time are bounded: 

 1 1 1 1 1 2 1 1 3

2 2 1 2 2 2 2 2 3

,  ,  

,  ,  
d d d

d d d

ε ε ε

ε ε ε

 ≤ ≤ ≤


≤ ≤ ≤

ε ε ε

ε ε ε

 

 
  (20) 

where 1idε , 2idε , and 3idε  are positive constants. 
Considering that increasing the number of neural network hidden layers and manipulator 
joints makes tuning the weight matrices 1iW  and 2iW  extremely difficult, this study 
introduces an adaptive method for self-tuning the weight matrices. Based on (17) and (18), 
their adaptive approximation expressions can be obtained as follows: 

 ( ) ( )
TT T

1 11 11 1 1 1
ˆ ˆ ˆ, ,t n n n =  Δ W h χ W h χ   (21) 
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i i iHW W = ∈ W    and 
T

2 2 1 2
ˆ ˆ ˆ, , L

i i iLW W = ∈ W    represent the estimated 
values of the ideal weights. 
The adaptive laws for the neural network weights are as follows: 

 
( )( )
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2 2
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ˆ2 2 2
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iM i

iM i

i i i

i i i

 =

 =


W W

W W

W Γ τ

W Γ τ








  (23) 

 1 1 2

2 2 3

i i i

i i i

z
z

=
 =

τ h
τ h

  (24) 

where Γ  is a positive definite matrix determining the adaptive rate of the weights; τ  is 
defined as the adaptive function for the neural network weights; other function definitions 
are as shown in [17]. 
Define the estimation errors as follows: 
 ˆ• = •−•   (25) 
According to (22), define the following variables: 

 ( ) ( )
TT T

1 11 11 1 1 1, ,t n n n =  Δ W h χ W h χ     (26) 
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T

T T
1 11 11 1 1 1, ,tw n n n

 =   
Δ W h χ W h χ      (27) 

 ( ) ( )
TT T

1 11 11 1 1 1, ,th n n n =  Δ W h χ W h χ      (28) 

To simplify the proof process, the transformed form of (23) follows the same principle. 

4. CONTROLLER DESIGN AND STABILITY ANALYSIS 

4.1. Nonlinear Integral Robust Controller Design 
Define the error variable vectors as follows: 

 

1 1 1

2 1 1 1

3 3 2

1 2 2 2

2 3 3 3

d= −
 = + = −
 = +
 = +

z x x
z z k z
z x α
r z k z
r z k z







  (29) 

where 1r  and 2r  are auxiliary error variable vectors, which can help suppress matched and 
unmatched uncertainties during controller design; { }1 11 12 1diag , , , nk k k=k  , 

{ }2 21 22 2diag , , , nk k k=k  , { }3 31 32 3diag , , , nk k k=k   represent tunable controller gain 
matrices. 
Based on the above equation, the virtual control law https://media/image111.wmf can be 
designed as follows: 

 

( )[ ]
( ) ( )
( )

( ) ( ) ( )

( ) ( )

1
2 1 2 2 1 2 2

2 1 1 2 2 1

1 1

2 1 1 2 1 1 1 1 2 2

2 2 1 2 2 2 10

ˆ,

d

a s s

a t

d

s r s
t

s r s τ

−= + +

= −

+

= − + − −

 = − + + ∫

Δ

α S x α α α

α G x + C x x x

M x x

α k k z M x k z M x k z

α k k k z υ z β





  (30) 

where ( )sign ∗  represents the sign function; the sign function matrix ( )2υ z  is 
( ) ( ) ( ){ }2 21 2diag sign , ,sign nz z=υ z  ; the control gain is { }1 11 12 1diag , , ,r r r r nk k k=k  , and all 

elements in the matrix are positive; [ ]T1 11 12 1, , , nβ β β=β   is a gain vector with all positive 
elements; { }1 2diag , , ,s s s snk k k=k   is an auxiliary constant variable matrix with all elements 
being real numbers greater than 0. 
The expanded form of the auxiliary error vector 1r  is: 
 ( ) ( ) ( ) ( )1 1 1 3 1 1 2 1 1r s= − + − +M x r S x z k k r υ z β N    (31) 

From (31), it is known that 1N  is bounded. The bound of 1N  can be expressed as: 
 1 1 1 2,   δ δ≤ ≤N N   (32) 

where 1δ  and 2δ  are constants greater than 0. 
Based on the expansion of the auxiliary error function 2r , the actual control law can be 
designed as follows: 
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( )

( )

1
1 1 2

2 3 2 2

1 2 3 3 3

2 2 3 3 3 20

ˆ

d

a s s

a t

s r
t

s r τ

−= + +

= + + −

= − −

 = − + ∫

Δ

u f u u u

u f f α
u k z k z

u k k z υ z β


  (33) 

where [ ]T2 21 22 2, , , nβ β β=β   is a gain vector; au  is the model compensation term; 1su  
represents the linear feedback term for system tuning; the sign function matrix 
( ) ( ) ( ){ }3 31 3diag sign , ,sign nz z=υ z  ; 2su  is the system's RISE feedback term, which can 

suppress the influence of matched uncertainties on system control performance to some 
extent. 
Combining the specific form of the actual control law in (42), the time derivative of 2r  can 
be expanded as: 
 ( )2 2 2 3 2 2r= − − +r k r υ z β N   (34) 

From (34), it is known that 2N  is bounded. The bound of 2N  can be expressed as: 
 2 1 2 2,    ξ ξ≤ ≤N N   (35) 

where 1δ  and 2δ  are constants greater than 0. 
4.2. Controller Stability Analysis 
To analyze the controller's performance and stability, the following theorems are given. 
Theorem 1: There always exist real vectors [ ]T1 11 12 1, , , nβ β β=β   and 

[ ]T2 21 22 2, , , nβ β β=β  , whose elements always satisfy the following conditions: 

 1 1 2
2

1
i i i

ik
β δ δ≥ +   (36) 

 2 1 2
3

1
i i i

ik
β ξ ξ≥ +   (37) 

Here, the functions ( )1P t  and ( )2P t  are defined as: 

 ( ) ( ) ( ) ( ) ( )T T
1 1 2 2 1 10

0 0 0 d
t

P t L τ τ= − − ∫β z z N   (38) 

 ( ) ( ) ( ) ( ) ( )T T
2 2 3 3 2 20

0 0 0 d
t

P t L τ τ= − − ∫β z z N   (39) 

 ( ) ( )T
1 1 2 2 1L t =  −  r N υ z β   (40) 

 ( ) ( )T
2 2 1 3 2L t  = − r N υ z β   (41) 

From the above equations, it can be concluded that the functions ( )1P t  and ( )2P t  are 
always positive definite. 
Theorem 2: By selecting sufficiently large and appropriate controller gain matrices 1k , 2k
, 3k , r1k , and r2k , the following matrix: 
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6 6
1 6 6 6 6 6 6

6 6 6 6
2 6 6 6 6

6 6
6 6 r1 6 6 6 6

6 6
6 6 6 6 6 6 3

6 6
6 6 6 6 6 6 r2

2

2 2

2

2

2

×
× × ×

× ×
× ×

×
× × ×

×
× × ×

×
× × ×

 − 
 
 − − 
 
 = −
 
 
 −
 
 
 −
 

I 0 0 0

I I 0 0

IΛ 0 0 0

I0 0 0

I0 0 0

k

k

k

k

k

  (42) 

is always positive definite. Then, the designed controller is semi-globally asymptotically 
stable and ensures that all signals in the closed-loop system are bounded, i.e., 

( )1 11 12 1max , , , 0nz z z∞ = →z  , t →∞ . 
The proof process can be referred to in [17]. 

5. SIMULATION RESULTS 

This section verifies the advancement and effectiveness of the designed multidimensional 
neural network-based integral robust controller for hydraulic manipulators through a 
simulation example of a three-DOF hydraulic manipulator wrist system. The system 
parameters are consistent with those in [18]. The structure of the three-DOF hydraulic 
manipulator wrist system is shown in Figure 3. 

 
Figure 3 Schematic Diagram of The Hydraulic Manipulator Wrist Structure 

To verify the fitting performance of the neural network, matched and unmatched 
uncertainties are designed as follows: 
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To verify the fitting performance of the neural network, matched and unmatched 
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 ( )
( )
( )

1 1

4

4
2

4

50
50
50

2 10 sin 0.5

1 10 sin 0.5

1 10 sin 0.5

t d

t

t

t

t

  
  = +  
   
  ×   = ×    ×  

Δ

Δ

x

  (43) 

To compare the differences in simulation results under different controllers, the controller 
parameters are set as follows: 
(1) Multidimensional Neural Network-Based Integral Robust Controller (C1): This is 
the controller proposed in this study. Its gains are: { }1 diag 60,20,20=k , 

{ }2 diag 500,800,500=k , { }3 diag 60,80,80=k , { }1 diag 4,5,4r =k , { }2 diag 10,5,10r =k , 
{ }s diag 10,5,10=k , [ ]T1 8,2,1=β , [ ]T2 1000,100,150=β , 16H = , 12L = , 1 25iΓ = , 2 20iΓ = . 

(2) Feedback Linearization Controller (C2): This is a feedback linearization pose 
controller. Apart from the parameters not included, other controller gains remain the same 
as in C1. 
The initial tracking command signals for each joint are: 

 

( ) ( )
( ) ( )
( ) ( )

3

3

3

0.01

0.01
1

0.01

0.25sin 0.5 1

0.20sin 0.5 1

0.25sin 0.5 1

t

t
d

t

t e

t e

t e

−

−

−

 × −
 
 

= × − 
 
 × −
 

x   (44) 

The simulation results are shown in the following figures. Figure 4 shows the tracking 
control performance of each joint of the hydraulic manipulator wrist under different 
controllers. Figure 5 displays the tracking error results for Joint 1 under the two controllers. 
Figure 6 compares the tracking errors for Joint 2 under different controllers. Figure 7 shows 
the errors for Joint 3 under the two controllers. 
From Figure 4, it can be observed that both controllers, C1 and C2, enable each joint to track 
the command signal (46) well, with no significant visual difference. However, Figures 5 to 
7 more clearly demonstrate the tracking performance of the two controllers. Since the 
command signal exhibits periodic fluctuations, significant error fluctuations are observed 
during each hydraulic motor reversal due to the influence of unmodeled errors such as 
friction and disturbances. Controller C2 is a classic feedback linearization controller. 
However, lacking disturbance approximation and compensation capabilities, its tracking 
performance is noticeably inferior to that of the C1 neural network integral robust controller 
during simulation startup and reversal phases. This verifies the effectiveness of the proposed 
control strategy. 
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Figure 4 Tracking Effect Diagrams of Each Joint 

 
Figure 5 Comparison of Tracking Errors of Joint 1 Under Different Controllers 
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Figure 5 Comparison of Tracking Errors of Joint 1 Under Different Controllers 
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Figure 6 Comparison of Tracking Errors of Joint 2 Under Different Controllers 

 

 
Figure 7 Comparison of Tracking Errors of Joint 3 Under Different Controllers 
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6. CONCLUSION 

With the increasing demand for automation and intelligence in heavy-load operations, higher 
requirements are placed on the comprehensive control performance of hydraulically driven 
multi-DOF manipulators. Addressing major problems such as large model errors, high 
operational risks, and poor pose positioning accuracy in heavy-load hydraulic manipulator 
control, this study proposes an integral robust control strategy integrated with neural 
networks, achieving the approximation and compensation of unmodeled uncertainties. The 
main conclusions are as follows: 
This study provides a robust and dynamically compensated solution for high-precision, high-
reliability pose tracking control of heavy-load multi-DOF hydraulic manipulators, offering 
a new approach for high-performance controller design in complex scenarios. 
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