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Abstract. The uniformity of lithium battery electrodes is a key parameter affecting electrochemical activity, 
which highlights the importance of rolling process accuracy. Conventional electrode rolling mill servo control 
systems have major problems with nonlinearity, load disturbances, and finding optimal adjustable parameter 
values. This paper proposes a new multi-parameter optimization technique for servo control systems that 
utilizes an improved niche genetic simulated annealing algorithm. The algorithm combines a niche approach 
to ensure population diversity and utilizes simulated annealing to achieve global convergence. Experimental 
tests on a lithium battery rolling mill have shown that the technique exhibits higher control accuracy, speed, 
and energy efficiency than conventional genetic algorithms and PID methods. This suggests its suitability for 
intelligent manufacturing in the energy storage industry.
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1   Introduction

In the lithium-ion battery manufacturing process, high precision and uniformity of electrode materials are crucial 
[1], because the inconsistency of these components can significantly affect the key performance indicators 
of the battery, such as capacity, internal resistance, cycle life and thermal stability. Among the key processes 
involved, calendaring plays a vital role in the mechanical strength of the electrode and the formation of the 
conductive network [2]. During the calendaring process, the electrode sheet coated with slurry is pressed into a 
uniform film with controllable thickness and density, which helps to improve the volume energy density, reduce 
porosity, and enhance particle contact, thereby achieving efficient electron and ion transport. The precision and 
stability of the calendaring roller movement are crucial to ensure the consistency of electrode quality [3]. Even 
a small deviation can lead to uneven thickness, which can cause capacity mismatch, uneven internal resistance, 
local overheating, and even thermal runaway in severe cases. Traditional proportional-integral-derivative (PID) 
[4] controllers are widely used in servo systems due to their simplicity and reliability. However, in complex, 
nonlinear and time-varying industrial systems such as lithium battery production, traditional PID methods often 
seem to be inadequate. Challenges such as mechanical wear, changes in material properties, frequent external 
interference, and ambient temperature fluctuations can all lead to PID performance degradation. In addition, 
manual adjustment of PID parameters is time-consuming, laborious, and often ineffective. To overcome these 
limitations, control strategies based on intelligent optimization are increasingly being adopted, which are able 
to adjust PID parameters in real time according to the dynamic changes of the system. Evolutionary algorithms 
and heuristic algorithms such as genetic algorithms (GA) [5], particle swarm optimization (PSO) [6], ant colony 
optimization (ACO) [7], and simulated annealing (SA) [8] have been proven to be very effective in these 
cases. These algorithms have the following advantages: they do not require an accurate mathematical model 
of the system, have global search capabilities, reduce the risk of falling into local minima, and support multi-
objective optimization. They can be integrated with traditional controllers to achieve hybrid intelligent control. 
By embedding these algorithms into the calendering control system, manufacturers can significantly improve 
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control accuracy, process stability, and product consistency. As the lithium battery industry moves towards high-
performance, large-scale production, adaptive intelligent control systems are the key direction for upgrading 
precision manufacturing processes.

2   Related Work

The multi-parameter optimization of the servo control system for lithium battery electrode mills is a complex 
challenge that requires advanced algorithmic strategies to improve system performance [9]. Recent research ef-
forts have increasingly focused on using multi-objective optimization techniques to address the complex trade-
offs inherent in such control systems. A related method proposed by Gang Kou [10] is the application of evolu-
tionary algorithms, especially the Non Dominated Sorting Genetic Algorithm (NSGA), which has been improved 
to better adapt to specific industrial environments [10]. An enhanced version of the NSGA algorithm discussed 
by Verma et al. [11] shows great potential in optimizing multiple parameters simultaneously, thereby improving 
the efficiency and stability of the servo control system. This improvement is particularly significant in dynamic 
industrial settings where operating conditions such as load variations, material properties, and thermal fluctu-
ations change frequently, demanding adaptive optimization strategies. This improved NGSA algorithm helps 
balance the conflicting objectives of accuracy, response time, and energy consumption, which are critical for 
electrode mills. The ability of the algorithm to perform global search while avoiding local optima contributes to 
ensuring system robustness, especially under nonlinear constraints and multi-modal objective landscapes often 
encountered in manufacturing systems. In addition, the integration of machine learning paradigms, including par-
ticle swarm optimization (PSO), it has been explored for health monitoring and control system optimization [12], 
demonstrating the broad versatility of these algorithms in multi-objective scenarios. Machine learning-based 
optimizers further enable predictive adjustments, allowing the system to preemptively counteract degradation ef-
fects, mechanical wear, and energy inefficiencies. Applying these techniques to control system design can achieve 
adaptive tuning and real-time optimization, which is critical to maintaining optimal operation during lithium 
battery electrode manufacturing. Tin et al. [13] highlighted the importance of sustainability and energy efficiency 
in industrial optimization tasks and emphasized that multi-parameter optimization algorithms can promote more 
sustainable production practices by reducing energy consumption and improving resource utilization. This aligns 
with current industry trends toward smart manufacturing and carbon-neutral operations, where algorithm-driv-
en energy management becomes a core component of operational strategy. CFD modeling and simulation tools 
further support the optimization process by providing detailed insights into system behavior, thereby helping 
to make more informed decisions [14]. By simulating fluid dynamics, thermal transfer, and mechanical stress 
within the system, CFD models complement the optimization algorithms, enabling a more holistic approach to 
performance enhancement and system resilience. Effectiveness of enhanced NGSA algorithms in optimizing the 
servo control system of a lithium battery electrode mill. These algorithms are able to comprehensively adjust pa-
rameters, balance multiple performance indicators, and promote improvements in manufacturing efficiency and 
sustainability.

3   System Description

The battery electrode calendaring unit is designed to precisely control the thickness of slurry-coated metal sheets, 
which is critical for the manufacture of lithium-ion battery electrodes [15]. It consists of a pair of upper and low-
er rollers, each driven by an efficient servo motor to ensure smooth operation and precise control. These rollers 
are responsible for applying uniform pressure on the electrode material to calender the slurry-coated metal sheets 
to a consistent and precise thickness. The sensors are carefully designed to detect any changes in pressure in real 
time and make adjustments immediately to maintain consistency in the calendering process [16]. In addition, 
small counters or encoders are integrated into the system to track the position and speed of the rollers with high 
accuracy, ensuring that the rollers maintain their specified speed and trajectory. In addition, there is an inner 
speed loop to ensure that the rollers rotate at the required speed. These controllers adjust the power input to the 
motor based on feedback from the position and speed sensors and make real-time corrections to maintain optimal 
conditions for calendering. The PID controller is carefully tuned to achieve an ideal balance between response 
time, accuracy and stability. On the other hand, the inner speed loop adjusts the speed of the rollers to ensure a 
consistent, high-quality calendering process.
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3.1   Servo System Architecture

The management system of the electrode rolling mill uses a double-layered servo mechanism, with an outer loop 
for positioning and an inner loop for velocity, both managed by PID algorithms The outer loop’s job is to make 
sure the roller gets to and keeps the right angle, and the inner loop keeps the motor going at the speed that the 
position controller says it should. Let θd(t) denote the desired angular position of the roller, and θ(t) the actual an-
gular position as measured by an encoder. The discrepancy is described as ep(t) = θd(t) − θ(t). The result from the 
placement regulator, serving as the velocity benchmark wd(t) for the inner loop, is determined as:
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ly. This speed reference is then passed to the inner speed loop, where it is compared with the actual roller speed 
ωd(t) to produce a speed error ev(t) = ωd(t) − ω(t). The torque command τ , which serves as the input to the servo 
motor, is generated by the speed PID controller using the expression:
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Where ( )v
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iK , ( )v
dK  are the PID gains for the speed loop. These six gain parameters, three for each con-

trol loop, constitute the core set of variables to be optimized for high-precision servo control. The goal is to mini-
mize the position and speed tracking errors, ensuring smooth and stable roller operation under time-varying loads 
and disturbances such as changes in electrode sheet properties or mechanical friction. The tightly coupled nature 
of these loops necessitates a coordinated tuning approach to achieve fast response, low overshoot, and strong ro-
bustness in the dynamic environment of lithium battery manufacturing.

3.2   Servo Motor and Load Dynamics

The mechanical dynamics of the servo motor driven electrode rolling system can be effectively approximated 
by a second-order electromechanical model that captures the fundamental interaction between the motor torque 
and the roll load. The rotational behavior of the system follows Newton’s second law of rotational motion and 
can be expressed as:

( ) ( ) ( ) ( )L
d tJ B t t t

dt
ω ω τ τ+ = − (3)

Where ω(t) is the angle of rotation, τ(t) is the motor-generated torque input, and τL(t) symbolizes the force 
needed to overcome the material’s resistance when it’s being flattened in the calendering process. The parameters 
J and B represent the same rotational resistance and fluid resistance, respectively, which together describe the 
spinning-motor system’s movement behavior. In real-world use, this design illustrates the basic compromises 
between force exertion, spin rate, and delay in the system. Nonetheless, the precision and consistency of instan-
taneous management are greatly hindered by various origins of non-linear behavior and changing influences over 
time. For example, inconsistency in mass or uneven tension can cause differences in the rolled electrode sheet, 
resulting in changing effective values J. Similarly, damping characteristics represented by B can vary due to oil 
breakdown, gear damage, or changes in the surrounding heat. Also, slack in the gearbox and delay in the sensor 
signals add to the time difference, harming the system’s quick reaction and possibly causing excess movement or 
vibrations. These changing uncertainties require strong adjustment and flexible counteraction methods. To keep 
the system accurate and steady under different working situations, it’s important to both calculate these factors 
and include them in a setup that constantly updates the control rules as things happen. The precise calculation 
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and smart modification of J and B, and the torque compensation term be crucial for maintaining steady printing 
pressure, matching rollers, and ensuring even metal sheet quality.

3.3   Optimization Parameters

In order to achieve high-precision control and strong robustness in the electrode rolling process for lithium bat-
tery manufacturing, a set of key control parameters must be jointly optimized. These parameters can be roughly 
divided into three aspects: controller adjustment values, motion profile settings, and system characteristic factors. 
The initial set contains the adjustment settings for both the position regulation loop and the velocity regulation 
loop, which are the proportional, integral, and derivative parts for each. The PID control law for each loop can be 
expressed as:
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Where Kp, Ki, and Kd are the proportional, integral, and derivative gains, respectively, and e(t) is the error be-
tween the target and actual values. The control system guarantees the roller tracks the target spot precisely, cru-
cial for steady squeezing [17]. The speed regulation system oversees the motor’s spinning reaction to guarantee 
even, quick, and steady performance. These two cycles are tightly connected, and incorrect adjustment in either 
cycle can harm the whole system’s movement and steadiness. The second set of factors concerns movement 
patterns, particularly the speeds of increasing and decreasing. Fast speeding up and slowing down may boost 
making things faster but can also cause wear and tear or sudden power surges, possibly shortening the lifespan of 
machines. Hence, a cautious equilibrium is required between quick reaction and uninterrupted functioning. The 
third category discusses the system’s physical traits, including the resistance level and the time taken to react. 
These elements symbolize actual impacts such as resistance, gear slackness, framework bendiness, and time lags 
in data or signal delivery. The generalized transfer function of such a system can be approximated by:

1
( )

( ) Ls

KG s
s eτ

=
+

(5)

Where K is the system gain, τ is the time constant. They affect how the system responds to control signals and 
can change stability and timing during fast-paced activities. In real-life situations, these factors can’t stay the 
same because work conditions change all the time because of things like how thick the material is, how hot it 
is, or how much it’s been used. It’s crucial to use smart ways to change settings instantly as needed. These tech-
niques look for worldwide fitting mixes that evenly match several performance targets, like quick reaction, accu-
rate following, minimal power consumption, and immunity to outside interference. By aligning and fine-tuning 
these factors as a single group, the rolling control system becomes more flexible and dependable, guaranteeing 
steady electrode quality and enhanced safety in battery manufacturing [18].

3.4   Control Objective

The core goal of the servo control system in the electrode rolling process is to achieve high-precision, stable 
and adaptive operation under time-varying conditions [19]. To this end, a cost function to quantitatively eval-
uate the control performance, which reflects the system’s ability to track target instructions while maintaining 
efficient and smooth operation. This cost function serves as an optimization target for intelligent algorithm design 
and provides a unified mathematical framework for balancing multiple control criteria. The cost function is de-
fined as the time integral of the weighted sum of three key terms (position tracking error, velocity tracking error, 
and control input amplitude). Its mathematical expression is:
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In this expression, ep represents the position error between the desired and actual web positions, ev represents 
the velocity error between the commanded and measured web speeds, and τ represents the control torque gener-
ated by the servo controller. The time variable T represents the control evaluation horizon, which can be defined 
as a single winding cycle or a fixed window in continuous operation. The coefficient w is a weighting factor that 
determines the relative importance of each term in the overall objective. For example, higher values of w1 result 
in higher position accuracy, which is critical for keeping the film uniform during the winding process. Larger 
values of w2 help suppress velocity fluctuations, which is particularly important when the winding speed changes 
frequently. The third term, w3 ∙ τ

2(t), penalizes excessive control effort, which is critical for reducing mechanical 
wear, avoiding overheating, and extending system life. For clarity, the three components in Eq. (6) can be written 
explicitly as:

( ) ( ) ( )p de t x t x t= − (7)

( ) ( ) ( )v de t v t v t= − (8)

( ) ( ) ( ) ( )p p v v i pu t K e t K e t K e dτ τ= + + ∫ (9)

The formula for this cost function reflects the fundamental trade-offs encountered in servo control: improv-
ing accuracy generally requires more aggressive control inputs, which can lead to instability or hardware stress. 
Conversely, reducing control inputs too much reduces dynamic responsiveness. Therefore, the optimization 
process aims to determine a parameter configuration that minimizes the cost function under actual operating con-
ditions. Since the relationship between control parameters and cost function is nonlinear and multidimensional, 
traditional tuning methods may not be able to find a satisfactory solution. In this context, intelligent optimization 
techniques such as particle swarm optimization are introduced. These algorithms explore the parameter space in 
a global, adaptive and data-driven manner, continuously adjusting the control parameters to minimize the cost 
function. By embedding this performance-oriented goal into the optimization loop, the system is able to achieve 
adaptive high-performance behavior for the complex and changing lithium battery electrode manufacturing envi-
ronment.

4   Algorithm Improvement in Design Process Description

In this paper, an improved hybrid optimization algorithm is proposed to address the complexity of parameter 
adjustment in the nonlinear time-varying servo control system for lithium-ion battery pole rolling. The algorithm 
integrates microhabitat technology to maintain population diversity, simulated annealing algorithm to avoid 
falling into local optimum, and hybrid coding mechanism to handle continuous and discrete variables. The mi-
crohabitat sharing technology adjusts the fitness of individuals according to their similarity with other individ-
uals, thereby promoting exploration and preventing premature convergence. The simulated annealing algorithm 
is introduced into the solution acceptance process, allowing for temporary acceptance of poor solutions to help 
the algorithm jump out of the local minimum. A hybrid coding strategy is used to handle hybrid control param-
eters to enhance flexibility. The fitness function is used to evaluate the system performance, taking into account 
steady-state error, rise time, control force, and control smoothness. The optimization process adopts a multi-stage 
evolutionary framework, using a roulette selection mechanism, crossover and mutation operations, and a simu-
lated annealing acceptance criterion to iteratively optimize the solution. The algorithm is applicable to high-di-
mensional nonlinear parameter space and provides robust control configurations. To evaluate the performance of 
the algorithm, a simulation environment was created using MATLAB and a dual-loop servo control structure was 
used for position and velocity control.

4.1   Genetic Simulated Annealing Algorithm Based on Improved Microhabitat

In order to solve the complexity of parameter adjustment of nonlinear time-varying servo control system in the 
process of lithium-ion battery pole sheet rolling, this paper proposes an improved algorithm that integrates three 
advanced strategies: microhabitat technology for maintaining population diversity, simulated annealing algorithm 
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for avoiding local optimality, and hybrid coding mechanism that supports both continuous and discrete variables. 
This hybrid method combines the global exploration ability of evolutionary algorithms with the local refinement 
ability of thermodynamically inspired search, enabling the system to find optimal parameter settings in a com-
plex solution space. In order to prevent premature convergence and promote extensive exploration of the solution 
space, this paper adopts a microhabitat sharing method. This technology adjusts the fitness value of each individ-
ual according to its similarity with other individuals, thereby avoiding overcrowding in a single area. The fitness 
calculation formula for the individual after adjustment is:
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Where the distance between two individuals is measured using the Euclidean norm, to improve convergence 
quality and enable the algorithm to escape from local minima, simulated annealing is incorporated into the solu-
tion acceptance process. When a new candidate solution is generated, it may be accepted even if it performs 
worse than the current one, according to a probability defined by:

( )fP exp
T
∆

= − (11)

Where Δf is the increase in fitness value, and T is the current temperature. The temperature decreases over 
time according to a cooling schedule:

1 ,0 1k kT Tα α+ = < < (12)

This allows temporary acceptance of inferior solutions early in the search to escape local minima, while 
gradually enforcing strict improvement as the temperature drops. To handle the mixed nature of the control 
parameters, some being discrete, others continuous, a hybrid coding strategy is adopted. Real-number encoding is 
used for continuous parameters such as gains and motion rates, while binary encoding is applied to categorical or 
logical parameters if needed. This enhances the algorithm’s flexibility and ensures compatibility with real-world 
control configurations. The fitness function is constructed to reflect multiple performance objectives of the servo 
system [20]. It incorporates steady-state error, rise time, control effort, and control smoothness. Mathematically, 
it is defined as:
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In the proposed fitness function, multiple performance indicators are combined to comprehensively evaluate 
the control quality. Steady-state error refers to the residual between the system output and the desired target after 
the response has stabilized, reflecting the long-term accuracy of the control system:
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e lim r t y t
→∞

= − (14)

Rise time measures how quickly the system reaches a large portion of the desired value, indicating the speed 
of transient response. The control signal usually corresponds to the input of the actuator, such as motor current or 
torque, which quantifies the energy required to drive the system:
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While the derivative of the control signal evaluates the smoothness of the control action, penalizing rapid fluc-
tuations that may cause mechanical wear or instability:
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du tS dt

dt
= ∫ (16)

Each component is assigned a weight coefficient, which reflects the designer’s relative emphasis on accuracy, 
speed, efficiency, or stability. These indicators are integrated over a defined evaluation period, which represents 
the time window used to evaluate the control performance. This multi-objective formulation enables the optimi-
zation algorithm to find a solution that balances fast dynamic response, accurate tracking, minimal energy con-
sumption, and smooth actuator behavior.

4.2   Optimization Framework

The optimization process using the improved hybrid algorithm is constructed as a multi-stage evolutionary 
framework designed to adaptively explore and optimize the control parameters of the servo system in Fig. 1. 

Fig. 1. Optimization workflow of the improved niche-genetic simulated annealing algorithm

The optimization process begins with an initialization phase, where a set of candidate solutions is randomly 
generated. Each candidate solution represents a unique combination of control parameters such as gains, accel-
eration and deceleration of position and velocity control loops, and mechanical characteristics such as damping 
coefficients. These parameters are constrained to be within the range defined by the actual system constraints and 
prior knowledge. After initialization, each candidate solution is subject to fitness evaluation, which is to evalu-
ate the performance of the corresponding control system under simulation or experimental conditions reflecting 
standard load and disturbance scenarios. The pre-defined multi-objective fitness function quantifies the control 
quality by combining indicators such as steady-state accuracy, response speed, energy consumption, and control 
smoothness within a specified:
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Based on the calculated fitness values, the selection process adopts a roulette mechanism, where the probabili-
ty of selecting the i-th individual is given by:
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This probabilistically prioritizes individuals with higher performance while allowing individuals with lower 
fitness to survive, thereby maintaining and avoiding early diversity maintenance convergence. The selected can-
didate set is then genetically mutated through crossover and mutation operations:

2
1 2( ) ( )1 0,offspring parent parentx x x Nα α µ σ= + − + (19)

Where α is a crossover coefficient and μ controls the mutation strength. These operations are dynamically 
regulated by the fitness rate, with a high mutation rate in the initial generation to encourage exploration of the 
solution space, while subsequent generations reduce the mutation rate to promote convergence and fine-tune 
around promising areas. To further enhance the algorithm’s ability to escape from local optimality, the algorithm 
integrates a simulated annealing acceptance mechanism: even if a new candidate set has a low fitness, it may be 
accepted with a probability:

( )accept
FP exp

T
−
∆

= (20)

Where ΔF is the fitness deterioration and T is the temperature parameter. The optimization process is iterated 
until the termination condition is met, either the maximum number of generations has been completed, or the im-
provement of the best fitness value in consecutive generations is lower than a predetermined threshold, indicating 
that the algorithm has converged. Through this comprehensive and flexible framework, the algorithm adaptively 
searches high-dimensional nonlinear parameter space, providing control configurations that can withstand re-
al-world uncertainty.

To further describe the dynamic update rules used in the hybrid evolutionary algorithm, the following formu-
las are used:

1
1 1 2 2
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Here, Vi represents the velocity (update step), Xi(t) the candidate solution, best
iP  the personal best position, Gbest 

the global best position, ω is the inertia weight, c are learning factors, r are random numbers in [0,1], and γ is the 
cooling factor controlling the annealing schedule.

4.3   Simulation Setup

In order to evaluate the performance of the proposed optimization method and confirm its applicability in the 
servo control of a lithium-ion battery electrode rolling system in Table 1, a detailed simulation environment 
was developed using MATLAB. The simulation model adopts a dual-loop servo control structure consisting 
of an outer loop for position control and an inner loop for velocity control. Both loops are controlled by PID 
controllers, and six gain parameters are set for optimization. The motor and roller loads are represented as sec-
ond-order electromechanical systems with variable inertia and damping to capture the nonlinear and time-varying 
behaviors in real scenarios. The simulation parameters are consistent with the specifications of industrial-grade 
rolling equipment. These parameters include: a nominal motor inertia of 0.002 kg·m², a nominal damping coeffi-
cient of 0.01 N·m·s/rad, and a torque limit corresponding to the rated current of 5 A. The desired roller position 
follows a step trajectory with smooth acceleration and deceleration phases, simulating a typical rolling operation. 
To evaluate the robustness of the system, load disturbances are introduced as step changes in torque to simulate 
material inconsistencies and external influences. The control parameters are tuned using an enhanced niche ge-
netic simulated annealing algorithm. The initial population size is set to 30 and the optimization process is run 
for up to 100 generations. The crossover rate and mutation rate are dynamically adjusted during the process, 
starting from 0.8 and 0.1, respectively. The annealing process starts at temperature 10 and decreases by a factor 
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of 0.95 per generation. The fitness function contains four metrics: steady-state error, rise time, control strength, 
and smoothness, each candidate parameter is measured within a 3-second simulation window. All simulations are 
performed under the same conditions, including optimized and baseline PID settings, to ensure fair comparison. 
Key performance indicators include position tracking accuracy, control energy consumption, system responsive-
ness, and robustness to load changes. As described, the results demonstrate the enhanced performance of the pro-
posed approach, achieving adaptive and precise control with improved efficiency and stability.

Table 1. Simulation environment and optimization process of servo control of lithium-ion battery electrode winding system

Aspect Description
Control Structure Dual-loop servo control: Outer loop for position control, Inner loop for velocity 

control
Control Method PID controllers for both loops
Optimization Method Enhanced niche genetic simulated annealing algorithm
Gain Parameters for PID Six gain parameters set for optimization
Motor and Roller Model Second-order electromechanical system with variable inertia and damping to model 

nonlinear behaviors
Simulation Parameters Consistent with industrial-grade rolling equipment specifications
Motor Inertia 0.002 kg·m²
Damping Coefficient 0.01 N·m·s/rad
Torque Limit (Rated Current) 5 A
Desired Roller Position Step trajectory with smooth acceleration and deceleration phases
Load Disturbances Step changes in torque to simulate material inconsistencies and external influences
Optimization Parameters Initial population size: 30 - Maximum generations: 100 - Crossover rate: 0.8 - 

Mutation rate: 0.1 - Temperature: Starts at 10, decreases by 0.95 per generation
Fitness Function Metrics Steady-state error, rise time, control strength, and smoothness
Simulation Time Window 3 seconds
Key Performance Indicators Position tracking accuracy, control energy consumption, system responsiveness, 

robustness to load changes

5   Results and Discussion

A total of 2527 sets of data were collected, and the partial data for Reference Trajectory and Actual Position are 
shown in Table 2.

Table 2. Partial data of reference trajectory and actual position

Time Reference 
trajectory Time Actual position

0.3933 1.2886 0.3876 0.1644
0.3933 0.4455 0.3933 1.2568
0.3933 1.2727 0.3933 0.2917
0.3933 1.0023 0.3989 0.5144
0.3989 0.7 0.3989 1.1932
0.3989 0.9174 0.4045 1.1402
0.3989 0.3076 0.4045 0.2174




 

2.6966 0.6629 2.6798 0.2015
2.6966 0.5833 2.6798 0.7424
2.6966 1.2038 2.6854 1.1773
2.7022 1.1561 2.6854 0.8326
2.7022 1.1455 2.691 0.9545
2.7022 0.9917 2.691 0.5462
2.7022 0.2864 2.6966 1.2621

The Fig. 2 shows the position tracking response of a servo control system designed for a reference trajectory 
designed to simulate real industrial motion, specifically, smooth acceleration and deceleration, as shown by the 
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red dashed line. The reference signal uses an S-curve to gradually transition from 0 to 1 radian, simulating the 
velocity-limited motion typically required in precision rolling systems to prevent mechanical shock and ensure 
material consistency. The actual system response (blue) exhibits the characteristics of an underdamped sec-
ond-order dynamic system. Initially, the system responds quickly, reaching a peak before 0.5 seconds. However, 
this fast response is accompanied by a significant overshoot, with the actual position exceeding the desired value 
by more than 30%, peaking at approximately 1.35 radians. This indicates that the controller’s proportional gain 
may be relatively high, while the damping ratio is insufficient to suppress transient spikes. After the overshoot, 
the response enters a damped oscillation phase that gradually converges to the desired position. These oscil-
lations last for nearly a second, indicating that the system, while stable, is not optimally tuned for a minimum 
settling time. Small fluctuations may also be observed when approaching steady state, indicating that filtering or 
disturbance suppression mechanisms may be required. Despite these transient effects, the system still achieves 
a very small steady-state error of 0.0072 radians, indicating good tracking accuracy once the system stabilizes. 
This low error level is critical for applications such as lithium-ion battery electrode rolling, where even small 
deviations in roller position can affect product uniformity and quality [21]. In summary, the figure shows a con-
trol system with high tracking accuracy and fast initial response, but the overshoot and oscillatory behavior can 
be reduced through increased damping or controller retuning, thereby improving the overall stability and energy 
efficiency of the system.

 

Fig. 2. Position tracking response with underdamped dynamics and steady-state accuracy

 

Fig. 3. Underdamped velocity response with peak speed identification

Fig. 3 shows the velocity response of a servo control system under conditions of underdamped dynamics, 
external disturbances, and measurement noise. The blue curve represents the actual motor velocity over a 3-sec-
ond interval, and the red marker represents the system’s peak velocity of 8.33 radians per second, which occurs 
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approximately 0.2 seconds after the system is started. The reference trajectory is not shown in the figure because 
this article focuses on analyzing the open-loop or internal dynamic characteristics of the system under a step in-
put or control event. The response begins with a sharp rise in velocity, highlighting the system’s ability to provide 
a fast initial response. This rapid acceleration is typical of servo systems tuned for high responsiveness and is 
often used in industrial applications that require short settling times and fast command execution. However, this 
rapid rise comes at the expense of significant overshoot, indicating that the system is operating at a low damping 
ratio and that the proportional gain in the velocity control loop may be high. This overshoot can be detrimental in 
a high-precision environment, possibly causing overloads, increased wear on mechanical components, or insta-
bility when coupled with sensitive loads. After the peak, the system exhibits oscillatory behavior characterized 
by a sinusoidal motion that decays over multiple cycles. These oscillations are a symptom of an underdamped 
second-order system, i.e., the damping is insufficient to quickly suppress energy in the system. The oscillation 
frequency and decay rate indicate that while the natural frequency of the system is high enough to ensure a fast 
response, the damping is not optimal. This can result in extended settling times, with the system taking more than 
1.5 seconds to settle into a small range of steady-state values. In addition to the oscillatory behavior, there are 
high-frequency components in the second half of the response, especially after 1.5 seconds. These fluctuations 
can be caused by external load perturbations, such as changes in roller tension, friction, or material inconsisten-
cies, which are simulated in this paper to reflect real operating conditions. In addition, measurement noise which 
may simulate encoder quantization or sensor interference can also cause the small ripples observed throughout 
the response. Despite these perturbations, the system maintains a bounded output, indicating a certain robustness 
of the controller design. However, the continued fluctuations and noise sensitivity may negatively impact appli-
cations that require ultra-smooth velocity control, such as high-precision coating, lamination, or micro-position-
ing tasks. The identification of the system peak velocity (red marker) not only highlights the dynamic range of 
the controller, but also serves as a useful indicator for assessing the risk of overshoot and actuator saturation. In 
real applications, such peaks may need to be limited to avoid thermal overload or to stay within the rated limits 
of the motor drive system [22].

 

Fig. 4. Control effort response of the servo system

This Fig. 4 illustrates the control effort response of a servo control system over a 3-second period, where 
the control signal, typically representing the motor input current in Amperes, is plotted in black. At the initial 
moment, the control effort reaches a peak of approximately 5.5 A, reflecting the high torque demand required 
to initiate rapid motion in response to a sudden change in the reference trajectory. This peak corresponds to the 
controller’s immediate attempt to overcome system inertia and friction during the transient acceleration phase. 
Following this, the control effort decays exponentially, indicating an effective transition from transient to steady-
state behavior as the system approaches its target output. Between 0.5 and 1.5 seconds, the actuation effort grad-
ually reduces in magnitude, suggesting that the system’s energy requirements decrease as it settles. However, su-
perimposed on this decay trend is a layer of high-frequency fluctuations, particularly noticeable in the latter half 
of the response. These fluctuations may be attributed to sensor noise, high-frequency load disturbances such as 
cogging or torque ripple, or controller sensitivity to small feedback errors. Despite this, the control effort remains 
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bounded and centered around zero, implying that the system no longer requires significant torque to maintain the 
desired state. This steady-state behavior confirms the overall stability of the control system. From an engineering 
perspective, the high initial control effort highlights the importance of proper motor sizing and thermal design, as 
frequent high-amplitude currents may stress hardware or reduce component lifespan.

 

Fig. 5. Time-domain analysis of position tracking error in servo control system

This Fig. 5 shows the position tracking error between the reference trajectory and the actual position of a servo 
control system over a 3-second period. The raw error fluctuates significantly at the beginning, with a peak error 
of -0.7531 rad, indicating that the system initially overshoots or fails to track the reference accurately. This large 
initial error is typical of a system with insufficient damping or an overly aggressive controller. The red smoothed 
error curve reflects the same trend but with high-frequency noise filtered out, revealing that the system’s error 
gradually decreases and stabilizes as time progresses. However, residual oscillations in the smoothed error sug-
gest that the system still exhibits underdamped behavior, likely due to insufficient damping or aggressive control-
ler settings. These oscillations indicate that while the system eventually converges to the desired position, there is 
still room for improvement in reducing overshoot and minimizing oscillations. The system’s performance could 
be enhanced by tuning the PID controller parameters to optimize the damping, reducing the magnitude of oscilla-
tions and overshoot. Additionally, implementing feedforward control or disturbance rejection mechanisms could 
help improve the system’s ability to handle external disturbances and noise, further reducing tracking error and 
increasing overall accuracy. The total number of torque disturbance data is 2821, with some data shown in Table 
3.

Table 3. Torque disturbance data

Time Torque 
disturbance Time Torque 

disturbance
0.3845 0.1153 0.699 -0.042
0.3903 0.0854 0.7049 0.1749
0.3961 -0.1722 0.7049 -0.0637
0.3961 -0.1668 0.7049 -0.1695
0.4718 -0.202 0.7573 -0.0881
0.4718 0.0664 0.7631 0.2292
0.4718 0.0041 0.7631 0.2536
0.4718 0.2725 0.7631 -0.2969
0.5301 0.0285 0.8097 0.0014
0.5301 -0.202 0.8155 0.1315
0.5301 0.0122 0.8214 0.3376
0.5301 0.1261 0.8272 -0.2102
0.6058 -0.1776 1.4272 -0.1315
0.6117 -0.1966 1.433 0.3295
0.6117 -0.2237 1.4738 0.0447
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Fig. 6. Scatter plot of load disturbance over time

This Fig. 6 visually shows the torque disturbance experienced by the system over a 3-second period in the 
form of a scatter plot. The disturbance exhibits two distinct phases throughout the simulation. In the first part of 
the figure, between 0 and 1.5 seconds, the disturbance is relatively low and fluctuates around zero, with points 
randomly distributed over a small range. This portion of the disturbance is normal in many mechanical systems, 
as it is normal to have slight random disturbances during operation, such as slight changes in motor torque or 
external forces acting on the system. However, a significant change occurs after 1.5 seconds, with both the am-
plitude and frequency of the disturbance increasing dramatically. From this point on, the disturbance becomes 
more periodic, with tightly clustered oscillations around positive and negative values, indicating that the system 
is experiencing larger and more frequent disturbances. These disturbances are no longer random, but instead 
exhibit a pattern that may originate from a repetitive source or phenomenon, such as mechanical vibrations or 
pulsating forces transmitted to the system. Such large periodic disturbances can have a significant impact on the 
performance of the control system, especially if the controller is not designed to handle high-frequency oscilla-
tions or disturbances. The system may have difficulty maintaining precise position control or exhibit instability 
during operation, as these disturbances may cause continuous tracking errors or induce unwanted oscillations in 
the system response. From a control perspective, such disturbances may degrade system performance over time, 
such as increasing energy consumption, reducing efficiency, or accelerating mechanical wear. If the controller is 
not equipped with appropriate disturbance suppression mechanisms or advanced filtering techniques, the system 
may not be able to effectively suppress these high-frequency disturbances, resulting in reduced accuracy and per-
formance. Additionally, mechanical adjustments or design improvements may be required to prevent such distur-
bances from affecting performance, such as reducing friction or dampening system resonant frequencies. Overall, 
this figure highlights the significant impact that high-frequency periodic load disturbances can have on a system, 
underscoring the need for a comprehensive solution to maintain system stability, efficiency, and service life.

 

Fig. 7. Control signal energy consumption over time with decaying behavior
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The Fig. 7 shows the energy consumption of the control signal over 3 seconds in the form of a scatter plot, 
where the energy is calculated by squaring the control signal at each time step. As expected, the energy is high 
at the beginning of the simulation because the control system initially requires a large amount of energy input to 
overcome inertia or perform the task. This is reflected in the clustered points in the upper left corner of the graph. 
As the system gradually stabilizes, the energy values fluctuate randomly. The figure also shows random fluctu-
ations in the energy values, which can be attributed to sensor noise, quantization errors, or small perturbations 
in the system dynamics. Despite these fluctuations, the overall decay trend is clear, indicating that the system is 
effectively stabilizing as the energy input decreases. The total energy consumed over 3 seconds is marked in the 
figure, which is about 28.6 joules and represents the total energy used by the control system. This includes the 
initial high energy period and the steady decline in energy consumption as the system reaches equilibrium. The 
decaying nature of the energy curve shows that the system is very effective in reducing the control workload, but 
the fluctuations indicate that there is still potential for further energy efficiency improvements, perhaps through 
advanced filtering or adaptive control strategies.

6   Conclusion

In this study, a multi-parameter optimization method for servo control of lithium-ion battery electrode mill 
based on improved niche genetic simulated annealing algorithm is proposed. The method aims to overcome 
the limitations of traditional control tuning methods, especially when dealing with nonlinear, time-varying and 
precision-demanding industrial systems. The proposed optimization framework effectively integrates three key 
mechanisms: niche techniques for maintaining population diversity, simulated annealing algorithm for avoiding 
local optima, and hybrid encoding for handling continuous and discrete parameter types. This combination 
enables a robust global search while maintaining local refinement capabilities. Extensive simulation results 
show that the optimized control strategy significantly outperforms the traditional manually tuned proportional-
integral-derivative controller in multiple performance dimensions. Specifically, the optimized system exhibits 
superior dynamic response capability with faster rise time and smaller steady-state error, thereby ensuring high-
precision position tracking. The system also exhibits enhanced robustness, maintaining stable performance and 
fast recovery under sudden load torque disturbances. In addition to the improvement in dynamic performance, 
the proposed method also significantly reduces control energy consumption and achieves smoother actuator 
behavior, which is critical for extending equipment life and reducing operating costs in energy-sensitive 
industrial applications. In addition to the improvement in numerical performance, the successful application 
of this optimization method in a servo-driven electrode rolling system also highlights its practical value in real 
manufacturing environments. The results verify that intelligent control parameter optimization can not only 
improve process stability and product quality, but also meet broader sustainable manufacturing goals, such as 
improving energy efficiency and reducing mechanical wear. In addition, the versatility of this method suggests 
that it can be extended from lithium-ion battery manufacturing to other precision-driven industrial processes 
involving servo control systems. Future research can explore the integration of this framework with real-time 
adaptive control, machine learning-based predictive maintenance, and digital twin systems to promote the 
development of fully autonomous and energy-efficient manufacturing environments. In summary, this study 
contributes valuable insights to the field of intelligent automation and provides a scalable and effective solution 
for high-precision, energy-efficient control in complex industrial applications.
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