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Abstract

To address the difficulty of simultaneously achieving fast response, high stability, and
strong disturbance rejection in gimbal systems operating under complex conditions, an
adaptive control strategy based on offline–online cooperative optimization is proposed.
The method is built upon the conventional proportional–integral–derivative (PID) control
framework. First, a particle swarm optimization (PSO) algorithm is employed offline to ob-
tain an optimized set of initial control parameters, thereby improving the transient response
during the startup phase. Subsequently, a single-neuron adaptive (SNA) mechanism is
introduced to adjust the control parameters online according to real-time error information,
enhancing the system’s adaptability to environmental variations and external disturbances.
Stability analysis demonstrates the convergence of the proposed control scheme. Finally, an
experimental gimbal platform is constructed to validate the effectiveness of the method. Ex-
perimental results show that, under various disturbance conditions, the proposed strategy
effectively reduces angular fluctuation amplitude, shortens the settling time, and maintains
smooth control performance. These results indicate that the proposed control strategy
exhibits strong robustness and significant engineering applicability.

Keywords: gimbal system; adaptive control; parameter optimization; disturbance rejection
performance

1. Introduction
As a critical actuator carrying imaging equipment, the gimbal system has become

a core device for improving the visual quality of mobile imaging by compensating for
carrier-induced vibration errors in real time. Gimbal systems are widely used in dynamic
imaging scenarios such as agricultural plant protection and power line inspection [1–4],
where they can replace manual operations in heavy and repetitive inspection tasks, thereby
significantly improving operational efficiency [5–8]. To meet the requirements of high-
quality imaging, mitigating image blur caused by vibration has become a key technical
challenge. Current mainstream solutions can be broadly classified into three categories.

(1) Video post-processing stabilization, in which camera motion is first estimated from
image sequences and the image frames are continuously warped to achieve visual stabilization.

(2) Mechanical stabilization, which relies on mechanical structures such as damping
springs to minimize camera vibration during recording.

(3) Active motor-based stabilization, where the camera attitude is adjusted through
motor control to counteract external disturbances and stabilize the captured image.
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Based on the third approach, Qianwen Duan et al. [9], Aytaç Altan et al. [10], and
Franz Königseder et al. [11] designed stabilized gimbal systems that employ sensors to
acquire real-time attitude information and correct the camera pose through motor control,
thereby maintaining image clarity. However, with increasing mechanical complexity and
higher demands on image quality, more stringent requirements are imposed on the control
strategies of stabilized gimbals.

A wide range of control algorithms has been proposed for gimbal systems. Traditional
proportional–integral–derivative (PID) control methods do not require accurate system
modeling and have, therefore, been widely adopted in practical applications [12,13]. How-
ever, purely feedback-based control algorithms such as PID exhibit inherent limitations in
meeting high requirements for positioning accuracy and fast dynamic response [14]. Their
robustness is relatively weak, and their disturbance rejection capability is insufficient. To im-
prove system robustness, some studies have introduced sliding-mode control (SMC) [15,16].
Although SMC theoretically offers strong robustness against uncertainties, its control per-
formance is sensitive to model accuracy and parameter matching. In addition, chattering
phenomena are often unavoidable, which increases implementation difficulty in practical
embedded gimbal systems. Active disturbance rejection control (ADRC) has been proposed
to estimate and compensate for internal and external disturbances, thereby reducing re-
liance on precise system models to a certain extent [17–19]. Nevertheless, ADRC controllers
typically involve a large number of parameters, and their tuning procedures are largely
dependent on experience. The mapping between parameters and control performance
is not intuitive, resulting in high engineering tuning costs and cumbersome parameter
adjustment processes. To address the tuning difficulty of ADRC, linear active disturbance
rejection control (LADRC) was proposed in [20], and the bandwidth-based method has
gradually become the mainstream approach for LADRC parameter tuning [21]. Although
parameter selection methods for linear extended state observers have been reported [22],
the tuning of ADRC-based controllers remains challenging in practice. Trade-offs among
observer bandwidth, control bandwidth, and noise suppression are still required, and
parameter selection has a significant impact on system performance. In comparison, PID
control methods incorporating intelligent optimization and lightweight adaptive mecha-
nisms provide a more favorable balance between engineering implementation complexity
and control performance.

To enhance robustness against modeling uncertainties and external disturbances, an
intelligent PID controller for robotic manipulators was presented [23]. A neural network-
based PID controller with self-learning capability was proposed; however, information
interaction among multiple neurons introduces time delays resulted in limited real-time
performance during training [24]. Neural network (NN) adaptive control approaches
were investigated, but only simulation results were provided, without implementation
on physical hardware [25,26]. In contrast, the single-neuron adaptive PID control strategy
proposed in [27] demonstrates strong self-learning and adaptive capabilities, while also
exhibiting superior stability and real-time performance when applied to nonlinear time-
varying systems.

Although neural networks offer online learning and nonlinear approximation capa-
bilities, multilayer neural networks are characterized by complex structures and large
parameter sets, making them difficult to deploy reliably in real-time control systems or
embedded platforms. Considering the computational and memory constraints of mi-
crocontroller units (MCUs), this study adopts a single-neural adaptive approach as the
online adaptive algorithm for tuning PID controller parameters. This strategy significantly
simplifies parameter tuning while enabling real-time adjustment in response to external
disturbances. In addition, PSO has been employed to optimize PID parameters through it-
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erative searching, and experimental results on robotic arm vibration demonstrate improved
vibration suppression compared with conventional methods [28]. This study further inte-
grates the global optimization capability of PSO with the online adaptive characteristics
of the SNA mechanism to develop a hybrid control strategy for embedded gimbal sys-
tems, achieving a balanced trade-off among control performance, parameter tunability, and
practical implementability.

This paper proposes an offline–online cooperative adaptive PID strategy for gimbal
stabilization that combines PSO-based offline pre-tuning with a single-neuron online adap-
tation mechanism. The offline PSO stage is used only to provide conservative and stable
initialization on a simplified surrogate model, avoiding unsafe parameter exploration on hard-
ware, while the online single-neuron mechanism continuously compensates for time-varying
disturbances and aggregated uncertainties during operation. A projection-based bounding
mechanism is incorporated to prevent parameter drift and improve implementation safety on
resource-constrained embedded platforms. The proposed method is validated on a physical
single-axis gimbal under multiple disturbance and reference-change scenarios.

The remainder of this paper is organized as follows. Section 2 presents the mathemati-
cal model of the gimbal system. Section 3 describes the construction of the adaptive PID
control strategy based on offline–online cooperative optimization. Section 4 introduces
the implementation of the gimbal system. Section 5 provides experimental analysis of the
proposed algorithm. Section 6 concludes the paper.

2. Mathematical Modeling of the Gimbal System
The gimbal system investigated in this study is a self-designed and experimentally

constructed platform. A structural schematic of the experimental gimbal is illustrated in
Figure 1. The system mainly consists of sensors, an actuating motor, disturbance-generating
components, a fixed platform, and a microcontroller. Sensor measurements are acquired
and processed by the microcontroller, where the control algorithm is executed. Based on the
control outputs, the actuating motor adjusts the motion of the controlled object to maintain
system stability.

Figure 1. Experimenter mechanical vector drawing.

To ensure precise control performance, a stepper motor is selected as the actuating
element of the gimbal system. To prevent step loss during operation, a position closed-loop
control scheme is adopted at the low-level motor drive layer of the experimental platform.
The back electromotive force (back-EMF) of the phase windings of the stepper motor can
be expressed as follows: {

UA = ωkm sin(Zrθ)

UB = ωkm cos(Zrθ)
(1)

where UA and UB denote the back electromotive forces of the A-phase and B-phase wind-
ings of the stepper motor, respectively; ω =

.
θ is the rotor angular velocity; Zr represents

the number of rotor teeth; km is the back-EMF coefficient; and θ denotes the mechanical
rotation angle of the rotor.
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The instantaneous electromagnetic torque of the stepper motor is given by the following:

Te = iAkm sin(Zrθ) + iBkm cos(Zrθ) (2)

where iA and iB are the currents of the A-phase and B-phase windings, respectively.
According to the kinematic equation, the relationship between the electromagnetic

torque and the load torque can be expressed as follows:

Te = J
..
θ + B

.
θ + TL (3)

where J denotes the total rotational inertia of the motor rotor and the gimbal arm, B is the
viscous damping coefficient, and TL represents the load torque.

To simplify the analysis, a single-phase excitation mode and a no external load con-
dition (TL = 0) are considered. The motor motion equations are linearized around the
equilibrium point and transformed into the Laplace domain, allowing the controlled object
to be approximated as a second-order system.

It should be noted that stepper motors inherently exhibit nonlinear and hybrid char-
acteristics, and their dynamic behavior is jointly influenced by cogging torque, magnetic
flux nonlinearity, resonance regions, and discrete stepping effects. The second-order linear
model adopted in this study is not intended to accurately capture the complete dynamics
of the stepper motor, but rather to serve as an equivalent approximation in the vicinity of
a nominal operating point. The primary purpose of this model is to provide a stable and
computationally tractable environment for offline parameter pre-tuning using the particle
swarm optimization algorithm, thereby avoiding potential safety risks associated with
large-scale parameter searches conducted directly on physical hardware. Consequently,
this study does not aim to reproduce the full-range dynamic response of the stepper motor
using the linear model, and the discrepancies between the model and the actual system
are regarded as part of the unmodeled dynamics and equivalent disturbances. For the
42ZDT40A stepper motor used in this study, the equivalent transfer function obtained
around the operating point of the experimental platform is given by the following:

G(s) =
θo(s)
θi(s)

=
270

s2 + 0.008s + 270
(4)

where θi is the input reference angle and θo is the actual output angle. The motor parameters
are listed in Table 1.

Table 1. 42ZDT40A motor parameters.

Parameter Rated Current Zr L J B

Value 1.4 A 50 4.2 mH 3.8 × 10−6 kg·m2 0.3 N/(m·s−1)

It should be emphasized that the second-order linear transfer function is adopted
only as a simplified and computationally convenient surrogate model for the offline pa-
rameter pre-tuning stage. The stepper motor inherently exhibits nonlinear and hybrid
characteristics that cannot be fully captured by this linear approximation. In the present
study, these unmodeled nonlinearities are treated as aggregated uncertainties and equiva-
lent disturbances in the closed-loop system. The proposed online single-neuron adaptive
mechanism is designed to mitigate such effects based on real-time tracking errors, while
the offline PSO stage serves only to provide a reasonable and stable initial parameter set
for controller initialization.
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3. Construction of an Adaptive PID Control Strategy Based on
Offline–Online Cooperative Optimization
3.1. Single-Neuron Online Adaptive Mechanism

Conventional proportional–integral–derivative (PID) controllers are widely adopted
due to their simple structure and strong engineering applicability. However, their control
performance is highly dependent on parameter tuning. When the controlled system exhibits
parameter uncertainties, operating condition variations, or external disturbances, fixed-
parameter PID controllers often fail to simultaneously achieve satisfactory dynamic and
steady-state performance.

To address this limitation, a single-neuron model is introduced as an adaptive mecha-
nism. This approach preserves the physical structure and interpretability of the PID con-
troller while enabling online parameter adjustment. In addition, the single-neuron structure
is computationally lightweight and can be conveniently deployed on microcontroller-based
platforms, making it suitable for real-time control applications. The basic architecture of
the single-neuron adaptive PID control strategy is illustrated in Figure 2.

 

Figure 2. Single-neuron adaptive PID control strategy.

3.2. Single-Neuron Equivalent Form of the Incremental PID Controller

The tracking error is defined as follows:

e(k) = r(k)− y(k) (5)

where r(k) denotes the reference input, y(k) is the system output, and k represents the
discrete time instant.

The three feature inputs of the incremental PID controller are selected as follows [29]:
x1(k) = e(k)− e(k − 1)
x2(k) = e(k)
x3(k) = e(k)− 2e(k − 1) + e(k − 2)

(6)

The weight vector of the single neuron is defined as follows:

w(k) = [w1(k) w2(k) w3(k)]
T (7)

where w1(k), w2(k) and w3(k) correspond to the equivalent gains of the proportional,
integral, and derivative channels, respectively. To prevent unbounded growth of the
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weights while preserving their relative proportions, normalized weights are introduced
as follows:

w′
i(k) =

wi(k)

∑3
j=1

∣∣wj(k)
∣∣+ ε

, i = 1, 2, 3 (8)

where ε > 0, as a small positive constant, is introduced to avoid a zero denominator.
Accordingly, the control increment can be expressed in the single-neuron form as follows:

∆u(k) = Kw′T(k)x(k)
x(k) = [x1(k) x2(k) x3(k)]

T (9)

The controller output is then obtained by u(k) = u(k − 1) + ∆u(k), where K > 0 is a
global scaling factor used to adjust the control action intensity.

3.3. Supervised Hebbian Learning Rule

The output of the single neuron is defined as follows:

yn(k) =
3

∑
i=1

wi(k)xi(k)− θ (10)

where θ denotes the output threshold of the single neuron, which is set to zero in this study.
The supervised Hebbian learning rule is adopted as follows [30]:

∆wi(k) = ηi(yd(k)− yn(k))xi(k)yn(k), i = 1, 2, 3 (11)

where ηi > 0 is the learning rate and yd(k) represents the desired output.
The supervisory signal can be constructed from the tracking error. To ensure that

the weight update directly serves error convergence, the following supervisory signal is
selected in this study:

yd(k)− yn(k) ≜ e(k) (12)

By associating the neuron output yn(k) with the controller output, an implementable
online weight update law is obtained as follows:

∆wi(k) = ηie(k)xi(k)u(k), i = 1, 2, 3 (13)

To guarantee boundedness of the weights and enhance system stability, a projection
operator is introduced as follows:

w(k + 1) = ΠΩ[w(k) + Γe(k)u(k)x(k)] (14)

where Γ = diag(η1, η2, η3) is the diagonal learning-rate matrix, Ω = {w : ∥w∥ ≤ wmax}
denotes the admissible weight constraint set, and the projection operator projects the
updated weights onto the set Ω.

3.4. Offline Pre-Tuning of PID Parameters Based on Particle Swarm Optimization

Although the single-neuron adaptive PID controller is capable of adjusting parameters
online, its convergence performance is closely related to the selection of initial parameters.
Inappropriate initial parameters not only prolong the online learning process but may
also introduce a high risk of excessive overshoot or even instability during the system
startup phase.

Therefore, prior to controller deployment, a particle swarm optimization (Particle
Swarm Optimization, PSO) algorithm is introduced to perform offline tuning of the PID
parameters. Through the global search conducted by PSO in the parameter space, a set
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of well-performing initial parameters (Kp, Ki, Kd) is obtained and written into the micro-
controller as the initial weights for the subsequent single-neuron online adaptation. The
offline–online cooperative optimization framework for PID parameter tuning is illustrated
in Figure 3.

 

Figure 3. Offline–online cooperative optimization framework for PID parameter tuning.

In the PSO algorithm, each particle corresponds to a candidate set of PID parameters,
and its position vector is defined as follows:

xi =
[
Kp,i Ki,i Kd,i

]T (15)

To ensure physical feasibility and engineering stability during the search process,
upper and lower bounds are imposed on each parameter as follows:

Kp ∈
[
Kmin

p Kmax
p

]
Ki ∈

[
Kmin

i Kmax
i

]
Kd ∈

[
Kmin

d Kmax
d

] (16)

The particle swarm optimization algorithm guides the search process by exploiting
both the personal best and the global best information. At the k-th iteration, the velocity
and position update rules of the i-th particle are given by the following:{

vk+1
i = ωvk

i + c1r1(pk
i − xk

i ) + c2r2(gk − xk
i )

xk+1
i = xk

i + vk+1
i

(17)
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where vk
i denotes the particle velocity vector, pk

i is the personal best position of the particle,
gk represents the global best position of the swarm, ω is the inertia weight, c1 and c2 are
the learning factors, and r1, r2 ∈ (0, 1) are uniformly distributed random numbers.

To prevent excessive particle velocity from causing instability in the search process,
velocity clamping is applied as follows:

vk+1
i ∈ [−vmax vmax] (18)

To jointly consider control accuracy and response speed, the integral of the time-
weighted absolute error (ITAE) criterion is adopted as the fitness function of the PSO
algorithm. In this study, the ITAE criterion is employed as a consistent performance index
for offline parameter pre-tuning based on the simplified linear model. It should be noted
that the PSO procedure is not intended to identify global optimal parameters for the actual
hardware system. Rather, it is used to obtain a reasonable and stable initial parameter
set that facilitates the subsequent online adaptive process. The ITAE index is defined
as follows:

F =
∫ ∞

0
t|e(t)|dt (19)

where e(t) denotes the system error and t represents the simulation duration.
The PSO-tuned parameters solution obtained by PSO is as follows:

g∗ =
[
K0

p K0
i K0

d

]T
(20)

which is used as the initial PID parameters of the controller.
The parameters optimized offline by PSO are employed to initialize the weights of the

single-neuron adaptive PID controller:
w1(0) = K0

p

w2(0) = K0
i

w3(0) = K0
d

(21)

During system operation, PSO no longer participates in online control, and the PID
parameters are updated exclusively through the single-neuron adaptive learning law based
on real-time error information. Due to the stochastic nature of PSO, different runs may
lead to slightly different parameter sets. In this study, PSO is used as an auxiliary offline
tool for parameter pre-tuning, and minor variations in initialization do not affect the final
conclusions, since the proposed online adaptive mechanism further adjusts the controller
parameters during operation.

3.5. Lyapunov Stability Analysis

The PSO module is executed offline and does not participate in the online closed-loop
dynamics after deployment. Therefore, the stability analysis focuses on the online adaptive
law of the single-neuron PID controller, with the PSO stage affecting only the initial condi-
tion of the adaptive parameters. The following stability analysis is therefore conducted for
the closed-loop system incorporating the single-neuron online adaptive law. Considering
the nonlinear and time-varying characteristics of the plant, an incremental model around
the operating point is employed for stability analysis. The discrete-time system output is
assumed to satisfy the following commonly used equivalent gain assumption:

y(k + 1)− y(k) = g(k)∆u(k) + δ(k) (22)
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where g(k) denotes an unknown but bounded equivalent gain satisfying the following:

0 < gmin ≤ g(k) ≤ gmax < ∞ (23)

and δ(k) represents the aggregated effect of unmodeled dynamics and external disturbances,
which is bounded. In practice, the bounding of closed-loop signals is ensured by physical
constraints (limited actuator authority and sensor ranges) and by software safeguards.

Based on the error definition e(k) = r(k)− y(k), when the increment of the reference
signal r(k) is bounded, the error dynamics can be expressed as follows:

e(k + 1) = e(k)− g(k)∆u(k) + d(k) (24)

where d(k) remains a bounded disturbance term.
Define the weight estimation error as w̃(k) = w(k)− w∗, where w∗ denotes the ideal

constant weight vector. The following Lyapunov candidate function is selected:

V(k) =
1
2

e2(k) +
1
2

w̃T(k)Γ−1w̃(k) (25)

where Γ = diag(η1, η2, η3) > 0.
From (24), the formula below is followed:

∆e(k) ≜ e(k + 1)− e(k) = −g(k)∆u(k) + d(k) (26)

The error difference term satisfies the following identity:

1
2

e2(k + 1)− 1
2

e2(k) = e(k)∆e(k) +
1
2

∆e2(k) (27)

and admits the upper bound

∆e2(k) = (−g(k)∆u(k) + d(k))2 ≤ 2g2(k)∆u2(k) + 2d2(k) (28)

For the parameter-related terms, the projection operator ΠΩ[·] is non-expansive and
guarantees the boundedness of the weights, i.e., the projection operator is introduced as an
implementation-oriented safeguard to prevent parameter drift and to avoid actuator satu-
ration/instability on resource-constrained embedded hardware. Similar projection-based
adaptive laws are widely used to guarantee bounded parameters in adaptive control [31].
∥w(k)∥ ≤ wmax. Under the update law (14), the difference of V(k) satisfies an inequality of
the standard form:

∆V(k) ≤ −c1e2(k) + c2e2(k)∥x(k)∥2 + c3d2(k) (29)

where c1 > 0 is related to K and gmin; c2 depends on the learning rate Γ and the bounds of
the involved signals; and c3 is a positive constant.

If ∥x(k)∥ ≤ xmax is bounded through saturation or filtering mechanisms, and the
learning rate is selected such that c2x2

max < c1, the following conclusions can be drawn:
When d(k) ≡ 0, ∆V(k) ≤ 0, the closed-loop signals are bounded, and the tracking

error converges to zero.
When d(k) is bounded, the system is uniformly ultimately bounded; that is, there

exists a positive constant B > 0 such that for sufficiently large k, |e(k)| ≤ B.
Moreover, due to the constraint imposed by the projection operator, the adaptive

weights w(k) remain bounded throughout the operation.
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4. Experimental System Construction and Implementation
The overall design of the experimental platform is illustrated in Figure 4. The system

takes angular displacement and angular velocity as inputs. A microcontroller outputs
position commands to the stepper motor driver, thereby controlling the pulse count driving
the stepper motor.

Figure 4. Vehicle-mounted stabilized gimbal system framework.

During system operation, two attitude sensors are employed to independently acquire
the pose information of the tilting platform and the stabilizing platform. The measured data
are fed back to the MCU in real time as control feedback signals. All the above components
are mounted on a fixed base. The stepper motor is installed on the tilting platform and
rotates synchronously with it. The tilting platform is rigidly connected to the servo horn,
while the stabilizing platform is fixed to the output shaft of the stepper motor. All platforms
rotate along the same axis.

Based on the acquired attitude data, the MCU executes the control algorithm and
generates target position commands for the stepper motor to achieve stabilized platform po-
sition control. Finally, experimental data are transmitted to the PC via serial communication,
where signal waveforms are displayed and analyzed for performance evaluation.

An STM32F103ZET6 microcontroller is used as the MCU of the system. Two internal
USART interfaces are utilized to acquire pose data from the attitude sensors installed on
the tilting platform and the stabilizing platform, respectively. PWM signals are generated
through TIM channels to control the active disturbance servo motor, while another USART
interface is used to perform micro-stepping control of the stepper motor. An RS232 interface
is designed to communicate with the PC, enabling real-time transmission and visualization
of the pose data of both platforms.

The HWT606 six-axis attitude sensor is selected for pose measurement. By acquiring
three-axis acceleration, gyroscope, and magnetic field data, a Kalman filter-based sensor fu-
sion algorithm is employed to estimate the three-axis angular information. When operating
away from strong magnetic interference, the angle accuracy of the X- and Y-axes can reach
0.01◦. The sensor supports a baud rate of up to 921,600, with a maximum data output rate
of 1000 Hz, satisfying the requirements for high-rate sampling. In the sensor circuit design,
protection circuits against overcurrent, overvoltage, and reverse polarity are incorporated
to prevent electrical damage.

Considering that excessively large proportional or integral gains in embedded gimbal
systems may lead to control output saturation, which can, in turn, cause abrupt increases
in drive current, actuator vibration, or even system instability, appropriate gain limits
are necessary. Preliminary experimental tests indicate that when Kp, Ki and Kd exceed
approximately 10, the system tends to exhibit pronounced high-frequency oscillations or
control saturation phenomena. Therefore, this range is adopted as a conservative safety
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upper bound for the controller parameters in this study. The parameter settings of the
PSO-based single-neuron PID controller are listed in Table 2.

Table 2. PSO Parameters.

Parameter Value

Particle dimension 3
Number of particles 40
Maximum iterations 80

Learning factor 2
Parameter bounds [0, 10]; [0, 10]; [0, 10]

Velocity range [−0.2 (ub–lb), 0.2 (ub–lb)]
Simulation time 5

As a stochastic search method, the particle swarm optimization algorithm may yield
slightly different optimization results under different initial random population conditions.
In this study, PSO is primarily introduced to provide a set of well-performing initial param-
eters for the online adaptive controller, rather than to pursue a theoretically unique global
optimum. During subsequent control operations, the single-neuron adaptive mechanism
adjusts the control parameters online according to the system operating state, thereby
further mitigating the influence of offline parameter variations on the final control perfor-
mance. Consequently, within a reasonable range of statistical variation, the randomness
inherent in the PSO results does not have a substantial impact on the effectiveness and
robustness conclusions of the proposed control strategy. The iterative convergence curve of
the ITAE fitness function is shown in Figure 5. It can be observed that the particle swarm
optimization algorithm converges to a stable fitness value after 80 iterations. At this point,
the best fitness value reaches Best ITAE: J = 0.002720.

Figure 5. Iterative convergence of the ITAE fitness value during the PSO-based offline parameter
tuning process.

5. Experimental Tests and Results Analysis
Based on the completion of both hardware and software design, disturbance experi-

ments were conducted to validate the performance of the gimbal system. The disturbance
test setup of the gimbal system is shown in Figure 6. During operation, two attitude sensors
respectively measure the angular positions of the inclination platform and the stabilizing
platform. The measured signals are used as real-time feedback and transmitted to the MCU
for processing. All aforementioned components are mounted on the fixed platform. The
stepper motor is installed on the inclination platform and rotates together with it. The incli-
nation platform is mechanically coupled with the servo motor horn, while the stabilizing
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platform is rigidly connected to the output shaft of the stepper motor. All platforms rotate
along the same axis. The MCU executes the control algorithm based on the acquired attitude
data and sends target position commands to the stepper motor to achieve position control
of the stabilizing platform. Finally, experimental data are transmitted to the PC via serial
communication for waveform observation and performance evaluation. Disturbances are
introduced by oscillating the handle via the servo motor to simulate external interference,
while ensuring that the disturbance conditions remain identical across different control
strategies for fair comparison. The PSO-tuned parameters listed below are obtained from
offline pre-tuning using the simplified surrogate model and are subsequently deployed as
initial parameters in the experimental validation. To ensure a fair comparison, the conven-
tional PID controller was tuned using the classical Ziegler–Nichols tuning method to obtain
an initial parameter set. The parameters were subsequently fine-tuned within a reason-
able range to guarantee closed-loop stability and acceptable transient performance under
the same experimental conditions. The tuning objective was to achieve stable operation
without excessive overshoot or oscillation, rather than to maximize performance metrics.
The parameter settings of the single-neuron adaptive controller and the conventional PID
controller are listed in Table 3.

 

Figure 6. Disturbance experiment of gimbal.

Table 3. Controller parameters.

Control Algorithm Parameters Values

SNA

K 10
ηp 0.02
ηi 0.002
ηd 0.01

PID
Kp 1.9
Ki 0.003
Kd 0.002

PSO−PID
Kp 4.374
Ki 6.856
Kd 1.121

To simulate multi-dimensional disturbance conditions encountered by vehicle-
mounted gimbal systems, four verification scenarios are designed: (1) extreme transient
impact test; (2) low-frequency and high-frequency disturbance tests; and (3) dynamic reori-
entation test. The experimental results are analyzed in terms of peak-to-peak value, mean
absolute error (MAE), root mean squared error (RMSE), and control effort. The control
effort is calculated using the following expression: E = ∑ |u(t)|∆t.
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5.1. External Single Large-Amplitude Disturbance of 110◦

The servo motor is initialized at −50◦ and subsequently rotated to 60◦, causing the
tilting platform to undergo a large-amplitude rotation of 110◦. This test is designed to
simulate extreme road-induced fluctuations encountered by the gimbal system during
vehicle operation. Due to the precision limitations of both the disturbance servo and the
gimbal system, the applied disturbance angle exhibits an error of ±1◦.

The performance of different control strategies is summarized in Table 4.

Table 4. Performance indicators under 110◦ for a large single disturbance.

Control Strategy Peak-to-Peak RMSE MAE Control Effort

PID 26.116◦ 7.745◦ 3.370◦ 1.492◦·s
SNA−PID 19.234◦ 5.851◦ 2.499◦ 1.107◦·s
PSO−PID 16.718◦ 4.555◦ 2.185◦ 0.894◦·s

PSO−SNA−PID 11.947◦ 3.343◦ 1.433◦ 0.634◦·s

It can be observed that all four control strategies are able to maintain closed-loop
stability; however, their control performance differs noticeably. As shown in Figure 7,
compared with the PSO−PID, SNA−PID, and conventional PID controllers, the adaptive
PID controller based on offline–online cooperative optimization reduces the peak-to-peak
value by 28.57%, 37.89%, and 54.25%, respectively. As illustrated in Figure 8, the root mean
squared error (RMSE) is reduced by 26.61%, 42.86%, and 56.84%, respectively, while the
mean absolute error (MAE) is reduced by 34.42%, 42.66%, and 57.48%, respectively.

Figure 7. Angle tracking response during the 110◦ large single disturbance.

Figure 8. Disturbance error response during the 110◦ large single disturbance.
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In terms of control effort, the conventional PID controller exhibits the highest control
effort of 1.492◦·s, whereas the adaptive PID controller based on offline–online cooperative
optimization achieves the lowest control effort of 0.634◦·s. These results indicate that the
single-neuron adaptive mechanism can significantly improve control performance through
real-time online parameter adjustment. Furthermore, the introduction of the particle
swarm optimization algorithm enables global offline search, alleviating sensitivity to initial
parameter selection and local optima, thereby effectively reducing angular fluctuations.
Since the disturbance is applied in a relatively slow manner, the differences in settling time
among the three control strategies are relatively small.

5.2. External 1 Hz Frequency Disturbance

To simulate low-speed driving conditions on uneven road surfaces, the disturbance
servo generates a sinusoidal signal with a frequency of 1 Hz, causing the tilting platform to
oscillate within an amplitude of 76◦. Figures 9 and 10 illustrate the control performance of
different control strategies under continuous 1 Hz disturbance conditions.

Figure 9. Angle tracking response under 1 Hz continuous disturbance.

Figure 10. Disturbance error response under 1 Hz continuous disturbance.

The quantitative performance indices of each control strategy are summarized in
Table 5.

As shown in Figure 9, compared with the PSO–PID, SNA–PID, and conventional PID
controllers, the adaptive PID controller based on offline–online cooperative optimization
achieves reductions in the peak-to-peak values of 20.40%, 40.41%, and 51.38%, respectively.
As illustrated in Figure 10, the RMSE is reduced by 34.56%, 49.02%, and 63.96%, respectively,
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while the MAE is reduced by 37.70%, 51.15%, and 65.27%, respectively. In terms of control
effort, the conventional PID controller exhibits the highest value of 12.80◦·s, whereas the
proposed offline–online cooperative adaptive PID controller achieves the lowest control
effort of 4.45◦·s.

Table 5. Performance indicators under 1 Hz frequency disturbance.

Control Strategy Peak-to-Peak RMSE MAE Control Effort

PID 9.498◦ 2.822◦ 2.560◦ 12.804◦·s
SNA−PID 7.756◦ 1.995◦ 1.820◦ 9.102◦·s
PSO−PID 5.806◦ 1.554◦ 1.427◦ 6.894◦·s

PSO−SNA−PID 4.622◦ 1.017◦ 0.889◦ 4.454◦·s

5.3. External 8 Hz Frequency Disturbance

To simulate rapid vehicle motion on highly uneven road surfaces, the disturbance
servo generates a sinusoidal signal with a frequency of 8 Hz, causing the tilting platform to
oscillate within an amplitude of 70◦. Figures 11 and 12 present the control performance
under continuous 8 Hz disturbance conditions.

Figure 11. Angle tracking response under 8 Hz continuous disturbance.

Figure 12. Disturbance error response under 8 Hz continuous disturbance.

The corresponding performance indices are listed in Table 6.
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Table 6. Performance indicators under 8 Hz frequency disturbance.

Control Strategy Peak-to-Peak RMSE MAE Control Effort

PID 49.090◦ 18.373◦ 16.928◦ 84.642◦·s
SNA−PID 37.811◦ 13.902◦ 12.778◦ 63.891◦·s
PSO−PID 39.254◦ 13.153◦ 12.034◦ 61.743◦·s

PSO−SNA−PID 19.151◦ 6.318◦ 5.825◦ 29.125◦·s

As shown in Figure 11, compared with the PSO−PID, SNA−PID, and conventional
PID controllers, the adaptive PID controller based on offline–online cooperative optimiza-
tion reduces the peak-to-peak value by 51.21%, 49.35%, and 60.99%, respectively. As
illustrated in Figure 12, the RMSE is reduced by 51.97%, 54.55%, and 65.61%, respectively,
while the MAE is reduced by 51.60%, 54.41%, and 65.59%, respectively. In terms of con-
trol effort, the conventional PID controller exhibits the highest control effort of 84.642◦·s,
whereas the proposed controller achieves the lowest value of 29.125◦·s. These results indi-
cate that under low-frequency and high-frequency continuous disturbances, the proposed
offline–online cooperative adaptive PID controller significantly improves tracking accuracy
while simultaneously reducing control effort. The improvement suggests that the combina-
tion of offline parameter pre-tuning and online adaptive adjustment effectively enhances
disturbance rejection capability in slowly and quickly varying operating conditions.

5.4. Internal Reference Change of 30◦

To simulate scenarios in which the gimbal system must rapidly change its target
orientation, the control reference is shifted from 0◦ to 30◦, forcing the stabilized platform to
rotate quickly toward the new target position.

The performance comparison under internal disturbance is presented in Table 7.

Table 7. Performance indicators under internal disturbance.

Control Strategy Overshoot Settling Time RMSE MAE Control Effort

PID 3.23% 39ms 4.939◦ 1.731◦ 1.435◦·s
SNA−PID 4.15% 42ms 5.168◦ 2.133◦ 1.637◦·s
PSO−PID 5.45% 54ms 5.377◦ 1.816◦ 1.822◦·s

PSO−SNA−PID 3.07% 20ms 4.352◦ 1.399◦ 0.726◦·s

As shown in Figure 13, compared with the PSO−PID, SNA−PID, and conventional
PID controllers, the adaptive PID controller based on offline–online cooperative optimiza-
tion reduces the overshoot by 43.67%, 26.02%, and 4.95%, respectively, and shortens the
settling time by 62.96%, 52.38%, and 48.72%, respectively. As illustrated in Figure 14, the
RMSE is reduced by 19.06%, 15.79%, and 11.89%, respectively, while the MAE is reduced by
22.96%, 34.41%, and 19.18%, respectively. In terms of control effort, the PSO−PID controller
exhibits the highest value of 1.822◦·s, whereas the proposed controller achieves the lowest
control effort of 0.726◦·s. These results demonstrate that the offline–online cooperative
adaptive PID controller achieves faster response and improved tracking accuracy during
internal reference changes. The combined effect of single-neuron adaptation and opti-
mized initial parameters effectively enhances transient performance while maintaining low
control effort.
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Figure 13. Angle tracking response under internal disturbance.

Figure 14. Error response under internal disturbance.

6. Conclusions
This study proposes an adaptive PID control strategy based on an offline–online coop-

erative framework to improve response speed, stability, and disturbance rejection in gimbal
stabilization. The offline stage provides reasonable initial parameters through optimization
on a simplified surrogate model, while a single-neuron adaptive mechanism performs
real-time parameter adjustment during operation to compensate for aggregated distur-
bances and operating variations. Experimental results on the physical gimbal platform
demonstrate that, under reference changes and external disturbances, the proposed strategy
reduces angular fluctuations and shortens settling time while maintaining smooth control
behavior. Compared with conventional fixed-parameter control, the cooperative approach
achieves improved comprehensive performance within the tested scenarios. The framework
remains lightweight and suitable for implementation on resource-constrained embedded
platforms, reducing parameter tuning effort and enhancing operational reliability. Nev-
ertheless, the present validation is limited to a single-axis system, and offline pre-tuning
relies on a simplified linear surrogate model. Although the online adaptive mechanism
mitigates modeling inaccuracies during operation, further investigation under strongly
coupled multi-axis conditions would provide deeper insight. In addition, a systematic
benchmarking study against more advanced modern control strategies was not conducted
in this work. Future research will focus on multi-axis coordinated control, refined modeling,
and broader comparative evaluations to further assess performance–complexity trade-offs.
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