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Abstract 

In this paper, a nonlinear integral sliding-mode controller (SMC) based on a radial basis 

function (RBF) neural network is proposed to address the challenges of high nonlinearity, 

parameter uncertainty, and unmodeled dynamics in the electro-hydraulic servo system of 

a robotic excavator. The controller design incorporates adaptive RBF neural networks to 

compensate for system perturbations and uncertain nonlinearities, while an integral slid-

ing surface is employed to eliminate steady-state error. This approach not only compen-

sates for uncertainties but also reduces the traditional SMC’s high dependency on precise 

system parameters. The mathematical model of the bucket electro-hydraulic servo system 

is established without linear approximation. Based on this model, the sliding-mode con-

troller with RBF neural networks (SMC-RBF) is designed, and its asymptotic stability is 

proven using the Lyapunov method. Simulation and experimental results are compared 

with a traditional PID controller to verify the proposed controller’s superiority. The sim-

ulations show that the SMC-RBF controller meets the requirements for tracking perfor-

mance and demonstrates robustness, improving sinusoidal tracking performance by 46% 

compared to the PID controller. Experimental results further demonstrate that the SMC-

RBF controller improves the trajectory accuracy for a two-meter straight line by 52.46% in 

comparison to the traditional PID controller. 

Keywords: nonlinear control; neural network; sliding-mode control; electro-hydraulic 

servo system; excavator 

 

1. Introduction 

Robotic excavators have been applied widely in leveling, slope repair and other con-

struction occasions. They rely on the cooperation of a working device consisting of a 

boom, arm and bucket to complete the construction work. The working device is driven 

by electro-hydraulic servo systems because they have many advantages, including high 

output power, flexible signal processing, compact structure and light weight [1]. How-

ever, electro-hydraulic servo systems have strong nonlinearity, and their performance is 

easily disturbed by parameters [2]. Moreover, there are many parameter uncertainties and 

unmodeled dynamics in these systems. For example, the effective bulk modulus will 

change with temperature perturbations, and the leakage coefficient will change with oil 

viscosity and external load. Overcoming the influence of these uncertainties on system 

performance is the main problem in the design of high-performance controllers. 
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In recent years, the trajectory control of electro-hydraulic servo systems has attracted 

extensive attention from scholars all over the world. Classic algorithms such as propor-

tional–integral–differential (PID) control, fuzzy control and feedback control are widely 

used in the control of electro-hydraulic servo systems, and some achievements have been 

obtained. Feng et al. [3] proposed an improved PID controller for the positioning of a hy-

draulic system. Zhang et al. [4] designed a flow-rate-matching feedforward plus PID feed-

back controller. The controller achieved higher position tracking performance. Chotikun-

nan et al. [5] designed a fuzzy intelligent controller for the control of a robotic manipula-

tor. It can control the position with minimal tracking errors. Liu et al. [6] developed a 

model predictive controller for an excavator, and it achieved precise tracking of the de-

sired trajectory. Zhao et al. [7] proposed a feedforward observer controller to reduce the 

system disturbance and further improve control performances for an electro-hydraulic 

control loading system. Some of the controllers mentioned above are linear control meth-

ods; they ignore some nonlinear factors in the model. However, electro-hydraulic servo 

systems are strong nonlinear systems. When the system parameters are disturbed, it is 

difficult to achieve high-performance control of the electro-hydraulic servo system using 

the above controllers. 

With the maturity of nonlinear control theory, such as sliding-mode control (SMC) 

[8,9], neural network controllers [10–12], nonlinear H∞ control [13,14] and the back-step-

ping design method [15–17], especially the emergence of SMC, the research on nonlinear 

control of electro-hydraulic servo systems has become a hotspot. The main advantage of 

SMC is the independence of parameter perturbation and disturbances. Ghani et al. [18] 

introduced a fuzzy self-tuning algorithm for adaptation of sliding-mode control parame-

ters, and the presented controller is demonstrated via control of a nonlinear electro-hy-

draulic servo mechanism with unknown dynamics and bounded disturbances. Liu et al. 

[19] designed a sliding-mode controller for an autonomous underwater vehicle (AUV). 

Fei et al. [20] proposed a sliding-mode controller with composite learning for MEMS gy-

roscopes. Boulkroune et al. [21] designed an adaptive fuzzy-bias sliding-mode controller 

for two uncertain dissimilar chaotic systems. However, in practical applications, SMC ex-

hibits a chattering phenomenon when eliminating the adverse effects of uncertainties, 

which can easily excite the unmodeled characteristics of the system, thus reducing the 

control performance of the system. Moreover, the performance of SMC depends on the 

accuracy of the system model, which restricts its application in real systems. In practical 

applications, some parameters of the system are difficult to attain. 

The radial basis function (RBF) neural network can fit any nonlinear functions and 

has a fast convergence speed. It has been widely used in the identification and control of 

complex objects [22–25]. Using neural networks to approximate the uncertainties of a con-

trolled system can effectively reduce the chattering phenomenon of SMC and the require-

ment of model accuracy. Applications of neural networks combined with SMC are avail-

able for various systems such as manipulators [26], dual-stage PV pumping systems [27], 

isomorphic complex networks [28] and guidance systems [29]. Tuan et al. [30] designed a 

robust adaptive controller for a ship-mounted container crane, and the controller used 

was sliding-mode control and a radial basis function network. 

The control object of this study is the electro-hydraulic servo system of an excavator 

bucket, and its core control objective is to achieve satisfactory trajectory tracking of the 

working device. The system faces multiple uncertainty challenges in practical applica-

tions, mainly including time-varying perturbations in hydraulic parameters and complex 

unmodeled dynamics. Based on the characteristics of the controlled object mentioned 

above, the design of the controller needs to meet the following core requirements: while 
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ensuring the global stability of the closed-loop system, it should have robustness to sup-

press the impact of various uncertainties on tracking performance, and it should ulti-

mately achieve better control accuracy than traditional methods. 

This article makes three core contributions to the field: Firstly, a new control strategy 

is proposed for the excavator electro-hydraulic servo system, which is a complex object 

with strong nonlinearity and parameter uncertainty. This strategy combines the adaptive 

compensation capability of radial basis function neural networks with integral sliding-

mode control, effectively improving the online processing capability for system uncer-

tainty. Secondly, by constructing a suitable Lyapunov function, a rigorous stability proof 

was conducted on the closed-loop system containing the neural network weight update 

law, theoretically ensuring the asymptotic stability of the proposed controller. Finally, 

through system simulation and physical platform experiments, the effectiveness of the 

controller was not only verified, but detailed quantitative performance evidence was also 

provided. The results showed that it was significantly better than a traditional PID con-

trollers in terms of tracking accuracy and robustness. 

The rest of this paper is structured as follows. In Section 2, the mathematical model 

of the bucket electro-hydraulic servo system is established. Section 3 describes the con-

troller design combing SMC with an RBF neural network and analyses the system stabil-

ity. Section 4 shows the simulation results for validating the superiority and robustness of 

the proposed controller. Section 5 presents the experimental results, where a two-meter 

straight line is presented to verify the performance of the proposed controller. Finally, 

conclusions and future works are described in Section 6. 

2. Electro-Hydraulic Servo System Model 

The electro-hydraulic servo system of the robotic excavator consists of a boom, arm, 

bucket and rotational actuator. The working principles of the boom, arm, and bucket servo 

systems in the excavator working device are similar. They share the same fundamental elec-

tro-hydraulic actuation model (valve-controlled cylinder), differing only in key parameters 

such as geometric dimensions, hydraulic cylinder sizes, and load inertia. Figure 1 shows a 

schematic diagram of the electro-hydraulic servo system, in which the engine, pump, control-

ler, pilot valve, main valve and sensor are shown. The bandwidth of the main valve is 15 Hz, 

the maximum flow rate is 110 L/min per pump, and the maximum pressure is 34.3 MPa. The 

rodless chamber of the hydraulic cylinder refers to the chamber on the non-extended side of 

the piston rod, with an effective working area of A1. The rodless chamber refers to the chamber 

on the extended side of the piston rod, with an effective working area of A2. 

 

Figure 1. Schematic diagram of the electro-hydraulic servo system. 
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It is assumed that the connecting pipes between the components of the system are 

symmetrical, regardless of the external leakage of the system. Under the extension condi-

tion, the flow continuity equation of the valve-controlled hydraulic cylinder is: 
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where y is the displacement, pL is the load pressure, n is the ratio of the rodless chamber 

to the rod chamber, V is the total volume of the chamber, βe is the effective bulk modulus, 

Δ is the unmodeled part, and Ci is the internal leakage coefficient. 

Assuming that the main valve is an ideal valve, the oil supply pressure ps is stable, 

and the return pressure is zero (i.e., connected to atmospheric pressure), which is a com-

mon simplification in engineering, then the main valve flow based on the spool displace-

ment xv is: 
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where Cd is the flow modification coefficient, w is the valve area gradient, and ρ is the oil den-

sity. 

Equation (1) describes the flow continuity of the hydraulic cylinder chamber, and Equa-

tion (2) describes the load flow provided by the servo valve. The two are combined through 

the load flow variable QL to form the core model of the valve-controlled hydraulic cylinder. 

Ignoring the dynamic characteristics of the main and pilot valves, it is considered that the 

output displacement of the main valve is proportional to the input voltage signal u, that is: 

uKx zv =  (3) 

where Kz is the amplification coefficient. 

Substituting Equation (3) into Equation (2), the flow equation can be given as: 
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Equations (1)–(4) show that the electro-hydraulic servo system has strong nonlinear 

characteristics. In addition, the leakage coefficient, effective bulk modulus and other pa-

rameters have obvious uncertainties and change slowly with the working conditions, tem-

perature and load. 

3. Controller Design 

3.1. RBF Neural Network 

For the electro-hydraulic servo system of the robotic excavator with uncertain pa-

rameters and unmodeled dynamics, the control objective is that the displacement of the 

cylinder y can track the reference signal yd while ensuring that all signals in the closed-

loop system are bounded. The radial basis function (RBF) neural network has universal 

approximation characteristics, and the RBF neural network f(x) is used to estimate the un-

certainty and unmodeled dynamics in the system. It can be given as: 

+=  )()( xhWxf T

 
(5) 

where x is the input, W* is the ideal weight, ε is the estimation error, and h(x) is the acti-

vation functions contained in neural nodes and is the Gauss function. 
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where cj is the center vector of node j, and bj is the base width parameter of node j. 
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3.2. Controller Design 

Consider the electro-hydraulic servo system described by Equations (1)–(4), which is 

subject to parameter uncertainties, unmodeled dynamics Δ, and unknown nonlinearities 

f, g. The control objective is to design an adaptive control law u such that the system output 

y asymptotically tracks a bounded and continuously differentiable desired trajectory yd 

despite the aforementioned uncertainties while ensuring all signals in the closed-loop sys-

tem remain bounded. 

The displacement tracking error is defined as: 

dyye −=
 (7) 

Differentiation of Equation (7) gives: 

dyye  −=
 (8) 

To obtain the rate of change in the tracking error, we begin by combining the flow 

continuity Equation (1) and the servo valve flow Equation (4). Since both equations de-

scribe the same load flow QL, they are set as equal: 
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Rearranging Equation (9) to solve for the cylinder velocity yields: 
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Substituting the expression for the cylinder velocity from Equation (10) into the de-

rivative of the tracking error leads to the following intermediate form: 
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To simplify the notation and facilitate the subsequent controller design and stability 

analysis, several aggregated, positive constant parameters are defined: 
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Here, α is the inverse of the piston area in the rodless chamber. The term R aggregates 

the flow gain parameters and, critically, the pressure-dependent term. Under normal op-

erating conditions, the term R is positive and bounded. This bounding is a key consider-

ation for the stability analysis, as it ensures that the control input has a defined influence 

on the system dynamics. 

Finally, substituting the defined constants from Equation (12) into Equation (11) 

yields the compact and final form of the error dynamics, which directly links the control 

objective to the adjustable control input: 

dLL yppRue  −−−−=   (13) 

This formulation provides a clear and direct basis for the subsequent design of the 

control law and the Lyapunov-based stability analysis. 
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The traditional sliding-mode control (SMC) will generate a steady-state error when 

tracking the trajectory with a certain disturbance, which cannot deliver the desired per-

formance. Therefore, the integral sliding-mode surface is used to eliminate this error, 

which can be given as: 

+=
t

edtkes
0

 (14) 

where k is a positive constant. 

The rationale is derived from the sliding condition and the dynamics on the sliding 

surface when the system state reaches and remains on the sliding surface s = 0. Differenti-

ating this condition yields: 

0=+ kee  (15) 

The key insight is that once on the sliding surface, the system’s behavior is governed 

solely by this stable error dynamics, independent of the specific disturbances or model 

uncertainties that drove it to the surface. With the integral sliding surface s, the condition 

s = 0 does not force e to be zero instantaneously. When a constant disturbance causes a 

persistent error, the integral of this error accumulates over time. This accumulated value 

provides an additional degree of freedom in the control law, allowing the controller to 

generate the necessary steady-state control effort to counteract the constant disturbance 

without requiring a persistent error e. On the sliding surface, the stable dynamics then 

drive the actual tracking error e itself to zero asymptotically. 

The Lyapunov function is defined as: 

2

2

1
sV =  (16) 

Deriving the Lyapunov function V of Equation (16) and substituting into Equation 

(13), the following can be obtained: 
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Equation (17) shows that the uncertainties of the system mainly include parameter 

and unmodeled uncertainties. In order to reduce the difficulty of neural network approx-

imation, the uncertainties in the models are divided into two parts, as shown in Equation 

(18). The first part is the leakage and unmodeled uncertainties, and the second part is the 

effective bulk modulus and unmodeled uncertainties. 
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Two RBF neural networks are used to approximate the corresponding uncertainties. 
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The ideal approximation weights W* f and W* g are defined as: 
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Then, the minimum approximation error can be defined as: 
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From Equations (19)–(21), the following can be obtained: 
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Substituting Equation (22) into Equation (17), the following can be obtained: 
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The controller output is designed as: 
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where ks > |εf + εg|max. 

Proposition 1 (Closed-Loop Stability). For Equations (1)–(4), with the control law given by 

Equation (24) and the adaptive laws defined by Equation (27), the closed-loop system is uniformly 

ultimately bounded. Specifically, the sliding variable s, the tracking error e, and the neural network 

weight estimation errors are all guaranteed to converge to a small neighborhood of the origin. 

Proof. The proof proceeds via Lyapunov’s direct method. □ 

1. V, defined in Equation (16), is the Lyapunov function used for the preliminary design 

of the controller. To analyze the stability of the entire closed-loop system containing 

the weight-adaptive law of the RBF neural network, an augmented Lyapunov func-

tion Vs is constructed, as shown in Equation (25): 
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2. Deriving the Lyapunov function Vs, the following can be obtained: 
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where λ1 and λ2 are positive constants representing the learning rates of the RBF neural 

networks. 

3. The parameter adaptive laws of the RBF neural networks are set as follows: 
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4. Then, Equation (26) can be rewritten as: 

2])sgn([ sskssV gfss −−−−−=   (28) 

−s2 term: Generated dynamically by the equivalent control and error, this term itself 

is always non-positive (−s2 ≤ 0), providing a fundamental energy attenuation term for sta-

bility. 
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−skssgn(s) term: This term is equal to −ks|s|, this item that applies to all s ≠ 0 is strictly 

negative (−ks|s| < 0). 

−s(εf + εg) term: This term is the bounded approximation error term of the neural net-

work, and its sign is uncertain. To ensure overall negativity, it is necessary to ensure that 

the impact of this item is dominated by the aforementioned main negative items. The fol-

lowing sufficient conditions must be met: 

gfsk  +  (29) 

5. In addition, in order to avoid the chattering phenomena caused by the symbolic func-

tion sgn(s), the saturation function sat(s) is used instead of sgn(s), that is: 
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where δ > 0, it is the boundary layer thickness of the saturation function sat(s), which is a 

design parameter used to smooth the control signal and suppress chattering while ensur-

ing stability. 

6. The key properties of the saturation function are: 
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 (31) 

The control term −skssat(s) term remains non-positive. 

Therefore, after introducing the saturation function, the stability condition remains 

at Equation (29), and the stability performance of the system is maintained. 

The above formulas show that the designed controller can guarantee the asymptotic 

stability of the electro-hydraulic servo system and that the displacement tracking error 

can converge to zero. 

Remark 1. Proposition 1 guarantees the practical stability of the proposed SMC-RBF controller. 

The size of the ultimate bound for the tracking error is influenced by the design parameters: a larger 

switching gain ks and a thinner boundary layer δ generally lead to smaller steady-state errors but 

may increase control chattering. The adaptive laws ensure that the neural network weights remain 

bounded while compensating for system uncertainties. 

4. Simulation Results 

The MATLAB 2022b platform was used to validate the effectiveness and robustness 

of the sliding-mode controller based on RBF neural networks (SMC-RBF), which was used 

for comparison with a traditional PID controller. The parameters of the traditional PID 

controller used for comparison have been optimized and set as follows: proportional co-

efficient KP = 18.12, integral coefficient KI = 1.17, and differential coefficient KD = 2.58. The 

bucket electro-hydraulic servo system of the robotic excavator was simulated in the 

MATLAB environment with the parameters depicted in Table 1. The parameter values in 

the table are based on the actual hydraulic system of a 923F 23-ton excavator bucket, de-

termined through engineering drawing measurements, product data manuals, and sys-

tem identification experiments. The parameters of the SMC-RBF controller are δ = 0.01, k 

= 5 and ks = 0.1. The parameters used in Equation (22) are λ1 = 500 and λ2 = 500. 

Two different simulation experiments were conducted, that is, step responses and 

sinusoidal trajectory tracking. In addition, the electro-hydraulic servo system worked 
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with uncertain models, whereas the unmodeled dynamic disturbances (external disturb-

ances) and system parameters were varied over wide ranges. Suppose that the perturba-

tion ranges of the model parameters are Δβe ∈ [−0.3βe, 0.3βe], ΔCi ∈ [−0.3Ci, 0.3Ci] and the 

external disturbances are Δ = 0.3sin(2πt). 

Table 1. Physical parameters of bucket electro-hydraulic servo system. 

Symbol Parameter Number 

A1 Working areas facing rodless chambers 0.0133 m2 

A2 Working areas facing rod chambers 0.00636 m2 

V Total volume of chamber 0.00905 m3 

βe Effective bulk modulus 1.7 × 109 N/m2 

ρ Density of fluid 896 kg/m3 

Cd Flow modification coefficient 0.59 

w Valve area gradient 0.0275 m 

Kz Amplification coefficient 200 

ps Supply pressure 34.3 MPa 

Ci Internal leakage coefficient of cylinder 5.33 × 10−15 (m3/s)/(N/m2) 

4.1. Step Response 

The response performance of the bucket electro-hydraulic servo system was evalu-

ated in a simulation experiment with a reference signal yd = 0.8 m and a disturbance pulse 

of 0.2 m applied at t = 10 s. Figure 2 shows the simulation results comparing the SMC-RBF 

and PID controllers. It is evident that the SMC-RBF controller achieves a faster response 

than the PID controller. Before the disturbance, SMC-RBF tracks the reference signal sta-

bly with a 0.56 s rise time and 1.49 s settling time, demonstrating good stability and track-

ing performance. The PID controller tracks the reference with a 1.25 s rise time and 2.91 s 

settling time. After the disturbance pulse at 10 s, the SMC-RBF controller quickly recovers 

and converges, maintaining robustness despite the perturbation. In contrast, the PID con-

troller exhibits significant disturbance in its steady-state response, failing to converge 

within finite time under the same conditions. Overall, SMC-RBF improves the system re-

sponse performance by approximately 55% compared to PID, highlighting its superiority 

in both response time and robustness. 

 

Figure 2. The simulation results of step response with yd = 0.8 m, where a 0.2 m interference pulse 

appeared in 10 s. 
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4.2. Sinusoidal Trajectory Tracking 

The reference trajectory was chosen as yd = 0.6sin(0.2πt). The simulation results of the 

sinusoidal trajectory tracking and tracking errors based on the proposed controller and 

PID controllers are shown in Figure 3. Parameter perturbations and unmodeled dynamic 

disturbances were the same as in the above simulation, and the trajectory tracking process 

was not considerably influenced by these disturbances. As shown in Figure 3, the SMC-

RBF controller provides better tracking performance than the PID controller. 

 

Figure 3. (a) Sinusoidal trajectory tracking results and (b) errors with yd = 0.6sin(0.2πt). 

The maximum tracking error of the PID controller is 34.55 mm, while that of the SMC-

RBF controller is only 18.48 mm. Under this condition, the tracking performance of the 

SMC-RBF controller is improved by 46% compared with the PID controller. The PID con-

troller does not make full use of the system model and belongs to the typical black box 

control method. The proposed controller is designed based on the system model, and it 

takes into account nonlinear factors such as internal leakage and the effective bulk mod-

ulus. Therefore, the proposed controller reduces the tracking error of the bucket electro-

hydraulic servo system significantly. 

The real equivalent modeling g and f and their estimation are described in Figures 4 

and 5, respectively. It can be seen that the RBF neural networks can approximate the true 

values very quickly. For RBF neural networks, the approximation accuracy of uncertain-

ties is not the only objective, and the combination of SMC for stabilizing control is also 

one of the objectives. 

 

Figure 4. (a) g and its estimate and (b) g estimation error. 
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Figure 5. (a) f and its estimate and (b) f estimation error. 

The simulation results show that the SMC-RBF controller has more advantages in 

dealing with nonlinear factors in electro-hydraulic servo systems. Specifically, in the pres-

ence of parameter perturbations and unmodeled dynamics, the maximum error in sinus-

oidal trajectory tracking is reduced by 46% compared to PID controllers. These quantita-

tive results are attributed to the effective online approximation and compensation of sys-

tem uncertainties such as internal leaks and changes in effective bulk modulus by the RBF 

neural network in the controller. The SMC-RBF controller can track the reference trajec-

tory with satisfactory stability and accuracy. The uncertainties in the electro-hydraulic 

servo system can be approximated well by the RBF neural networks. The validity of the 

proposed controller in the electro-hydraulic servo system is verified. 

The small and bounded estimation errors shown in Figures 4b and 5b directly verify 

the effectiveness of the RBF neural network adaptive compensation mechanism designed 

in this paper. The network can accurately approximate key nonlinear uncertainties in the 

system online, which is the basis for the proposed SMC-RBF controller to achieve high-

precision and robust trajectory tracking control. 

5. Trajectory Tracking Experiments 

5.1. Experimental Platform 

In order to verify the performance of the proposed controller, trajectory tracking ex-

periments were performed on the experimental test platform shown in Figure 6. The ex-

perimental platform was mainly composed of the following parts: a robotic excavator 

(type: LG923F, Liugong, Liuzhou, China), a digital signal processor (DSP) controller (type: 

LEM100B, Liugong, Liuzhou, China), a self-developed trajectory setting system, six pres-

sure sensors (type: 625T416, Barksdale, Los Angeles, CA, USA), three draw-wire displace-

ment sensors (type: SH30, Xisai, Dongguan, China) and other sensors. Using a DSP con-

troller as the real-time control unit, the SMC-RBF algorithm proposed in this paper was 

executed. The control cycle was fixed at 1 ms to ensure fast response of control instructions. 

Command/status communication between the DSP and upper computer was imple-

mented through a USB-CAN module (type: USBCAN-II Pro, ZHIYUAN, Guangzhou, 

China); a data acquisition card (type: NI USB-6215, National Instruments Corporation, 

Austin, TX, USA) was simultaneously used to synchronously collect all sensor data, with 

a sampling rate consistent with the control frequency. 
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Figure 6. Robotic excavator trajectory control experimental platform. 

A high-precision rope-type displacement sensor (type: SH30, Xisai, Dongguan, China) 

was used to directly measure the telescopic displacement y of the bucket hydraulic cylin-

der piston rod, which has high linear accuracy and provides core feedback for closed-loop 

control. Pressure sensors (type: 625T416, Barksdale, Los Angeles, USA) were installed at 

the inlet and outlet of the hydraulic cylinder to measure the pressure in both chambers in 

real time and to calculate the load pressure pL, providing key system status information 

for the control algorithm. The experimental actuator was a double-acting hydraulic cylin-

der (type: HA series, Hengli, Changzhou, China), and its key dimensions such as piston 

diameter and rod diameter corresponded to the parameters in Table 1. The high-perfor-

mance main valve (the bandwidth of the main valve was 15 Hz, the maximum flow rate 

was 110 L/min per pump, and the maximum pressure was 34.3 MPa) drove the aforemen-

tioned hydraulic cylinder. This valve received the control voltage signal output by the 

DSP and accurately adjusted the flow rate of the input hydraulic cylinder. The hydraulic 

power unit provided a stable oil source for the system, and the oil supply pressure ps was 

set to a constant value of 34.3 Mpa. 

5.2. Experimental Results 

Step tracking performance experiments were conducted on the hydraulic cylinders 

used in the excavator buckets. The experiment aimed to compare the dynamic response 

characteristics of the sliding-mode radial basis function controller and proportional inte-

gral derivative controller. Under the same step input conditions, the SMC-RBF controller 

exhibits better overall performance: the actual rise time is 1.07 s, the actual stabilization 

time is 1.44 s, and the overshoot is 3.0%. In contrast, the actual rise time of the PID con-

troller is 1.57 s, the actual stabilization time is 1.99 s, and the overshoot reaches 5.0%. Per-

formance comparison analysis shows that the SMC-RBF controller reduces the rise time 

by 31.9%, settling time by 28.0%, vibration amplitude by 42.9%, and overshoot by 40.0% 

compared to the PID controller. The experimental results have verified the significant ad-

vantages of the SMC-RBF controller in improving the response speed and robustness of 

hydraulic systems. 

The desired trajectory to be tracked is a two-meter straight line, which is a common 

leveling operation of robotic excavators. In addition, this is also a classic working condi-

tion that requires high operating accuracy. In 10 s, the bucket follows the straight line from 

the starting point (6000, 0, 0) to the ending point (8000, 0, 0). Two controllers were used to 

compare and verify the effectiveness of the proposed algorithm: PID and SMC-RBF. The 

trajectory tracking results and steady-state tracking errors of the two controllers are 

shown in Figure 7. 
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Figure 7. The experimental results of step response with yd = 0.8 m. 

As shown in Figure 8, it contains three trajectories: the desired trajectory and the real 

trajectory tracking results with the PID controller and SMC-RBF controller. It is clear that 

the error of the SMC-RBF controller is the smallest among the two controllers. The maxi-

mum tracking error, average error and root mean square error (RMSE) of the designed 

SMC-RBF controller are only 89.93 mm, 22.30 mm and 27.59 mm, while these tracking 

errors of the traditional PID controller are 156.71 mm, 46.91 mm and 58.75 mm. It was 

verified from the trajectory tracking experiments that the SMC-RBF controller exhibits 

better control performance than the traditional PID controller. In terms of the average er-

ror, the tracking performance of the SMC-RBF controller is improved by 52.46% compared 

with the traditional PID controller. 

 

Figure 8. (a) Bucket tip tracks and (b) tracking errors. 

Although the proposed SMC-RBF controller introduces two RBF neural networks for 

online adaptive compensation, its computational complexity is acceptable for modern dig-

ital control systems. Taking the DSP used in this experimental platform as an example, 

the main computational loads of the algorithm in a single control cycle include forward 

propagation of two RBF networks, sliding-mode control law solution, and error and inte-

gral term updates. According to calculations, under typical network node numbers (5–10 

nodes per network), the total computation time per cycle is approximately 10–20 μs. Con-

sidering the 1 kHz control frequency used in this system, the additional computational 

overhead brought by the neural network only accounts for 1–2% of the single cycle time. 

This indicates that the controller fully meets the computational performance requirements 

of real-time control systems while providing advanced adaptive compensation functions 

and has the feasibility of deployment in real industrial controllers. 
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In Section 3.2 of this article, by constructing an augmented Lyapunov function and 

designing corresponding parameter adaptive laws, it is rigorously proven that the closed-

loop control system is asymptotically stable. The experimental results provide strong em-

pirical support for this theoretical conclusion. As shown in the experimental results shown 

in Figure 7, even in real environments with unmodeled friction, sensor noise, and external 

interference, the SMC-RBF controller can accurately track the displacement y of the bucket 

hydraulic cylinder and achieve minimal steady-state error, with an average error of 22.30 

mm. This indicates that the stability analysis based on Lyapunov is reliable, and the de-

signed controller has successfully achieved the theoretically expected stability perfor-

mance in practical systems. 

The inherent discontinuous switching term in sliding-mode control can cause high-

frequency oscillations in the control signal, which may stimulate the unmodeled dynam-

ics of the system and exacerbate actuator wear. To suppress this phenomenon, this article 

uses the saturation function sat (s) instead of the discontinuous sign function sgn (s) and 

sets the boundary layer thickness δ = 0.01. The control signal is smooth and continuous, 

without obvious high-frequency oscillation. This effectively verifies that the boundary 

layer method used maintains the robustness advantage of sliding-mode control while sig-

nificantly weakening the chattering effect, improving the actual operating quality and ac-

tuator life of the system. 

The system comparison between the simulation and experimental results not only 

verifies the effectiveness of the controller but also reveals key issues in the transition from 

the ideal model to the physical system. The controller performs consistently and signifi-

cantly better than traditional PID controllers in both simulation and experimental envi-

ronments. Although the relative advantage remains consistent, the absolute tracking error 

value in the experiment is slightly higher than that in the ideal simulation environment. 

This is mainly attributed to the fact that simulation model failed to fully capture the nonlin-

ear friction, oil elasticity changes, and mechanical connection clearances in the real system; 

sensor noise and delay, i.e., measurement noise and a small signal transmission delay intro-

duced by actual displacement and pressure sensors; and the fact that the actual response 

speed and dead zone of the valve differ from the ideal static gain model in simulation. 

6. Conclusions 

This paper realizes the robust control of an electro-hydraulic servo system of a robotic 

excavator subject to parameter uncertainties and unmodeled dynamics. To achieve high 

trajectory tracking performance, a sliding-mode control strategy is integrated with a radial 

basis function neural network to form an adaptive nonlinear controller. This controller 

not only retains the desirable characteristics of SMC, such as fast response, robustness, 

and strong disturbance rejection, but it also effectively reduces the dependency on precise 

system modeling through adaptive neural network compensation. The asymptotic stabil-

ity of the closed-loop system is rigorously proven using the Lyapunov method. 

Both simulation and experimental results validate the superiority of the proposed 

controller. Simulation comparisons with an optimized PID controller demonstrate that the 

SMC-RBF controller reduces the step response settling time by approximately 55% and 

decreases the maximum sinusoidal tracking error by 46% while also exhibiting superior 

recovery performance under load disturbances. Experimental validation on a physical ro-

botic excavator platform shows that for a standard two-meter straight-line tracking task, 

the average tracking accuracy is improved by 52.46% compared to a traditional PID con-

troller. Additional step response experiments confirm its faster dynamic performance in 

real-world applications. 
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These quantifiable outcomes substantiate that the SMC-RBF controller delivers high 

tracking accuracy and robust response for the nonlinear electro-hydraulic system. A cur-

rent limitation is the lack of explicit tuning rules for some controller parameters, which 

will be the focus of further research to enhance practical deployment. 
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