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_________________________________________________________________________________________ 

Abstract: High-speed equipment in the wrapping workshop exhibits strong nonlinearity, multi-variable coupling, and 
frequent disturbances in actual production. This makes it difficult for the traditional control method to maintain the stable 
consistency of tension, material supply and rolling pressure for a long time at high speed and is prone to steady-state 
deviation and quality fluctuations. In response to the above shortcomings, this study proposes a steady-state quality control 
method based on deep reinforcement learning. This method achieves adaptive adjustment of the high-speed wrapping 
process by constructing a dynamic prediction model, a policy network, a value evaluation network, and a steady-state 
deviation suppression mechanism. Experiments showed that in typical steady-state tests, the average steady-state deviation 
of tension, feed amount, and rolling pressure of the proposed method was only 0.04, which was 70% lower than that of the 
traditional control method. Under continuous disturbance conditions, the drift amplitude of the proposed variables was 
always controlled within 0.10. In the multi-source disturbance scenario, the Root Mean Square Error (RMSE) of the 
proposed method remained within a low range (0.15-0.23), maintaining high output consistency under strong disturbance 
conditions. The constructed intelligent control framework could automatically learn control rules without the need for 
precise mathematical models and achieve steady-state quality maintenance of high-speed wrapping equipment under 
complex disturbances. This study provides a feasible technical path for smart manufacturing and stabilization of cigarette 
production. 

Keywords: High-speed wrapping process; steady-state quality control; deep reinforcement learning; multi-variable 
coupling; disturbance suppression; intelligent manufacturing. 
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_________________________________________________________________________________________ 

1. Introduction 

As the level of intelligence and high-speed in the cigarette industry continues to improve, the High-Speed Unit (HSU) in 
the rolling workshop plays an increasingly prominent role in the production line. HSU exhibits typical characteristics such 
as strong nonlinearity, Multi-Variable Coupling (MVC) and rapid changes in working conditions during operation, making 
it difficult for traditional empirical or fixed parameter control methods to maintain stable and high-quality production status 
within the full range of working conditions (Giannopoulos et al., 2023a; Cui et al., 2023a). Under high-speed conditions, 
factors such as raw material fluctuations, mechanical wear, and environmental disturbances will further amplify the 
uncertainty of system dynamics, causing deviations in key process variables such as paper feeding tension, tobacco supply, 
and rolling pressure (Groumpos et al., 2023a; Li et al., 2024a). In recent years, some research has been carried out on 
intelligent control methods for complex industrial systems. He et al. (2022) proposed a three-point symmetrical eccentric 
planetary gear train and improved a special clutch to solve the high failure rate and fragile cigarette packs in the soft box 
packaging machine cigarette pack steering mechanism. It analyzed wear to find defects, optimized structure and overload 
protection, thereby improving operational stability and reducing faults and quality risks. To solve the increasing quality 
and energy consumption requirements of cigarette production lines, Jin et al. (2023) proposed a silk-making parameter 
optimization scheme based on big data and Artificial Intelligence (AI). This program collected and analyzed massive data 
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by building an AI detection system, focusing on optimizing the leaf threshing and re-baking process, thus improving the 
leaf yield rate. Moreno et al. (2022) proposed a multi-variable generalized superhelical algorithm based on Lyapunov to 
solve multi-variable systems containing time-varying uncertain control matrices and disturbances. The algorithm designed 
a set of constant gains to stabilize the algorithm's global finite-time output within a reasonable uncertainty bound, thereby 
improving the robustness and convergence speed of the industrial system. 

Deep Reinforcement Learning (DRL) shows performance advantages over classical control due to its self-learning 
ability, strong nonlinear representation ability, and adaptive ability to unknown environments. DRL can automatically learn 
optimal strategies through interaction with complex systems without the need for explicit mathematical models, and is 
suitable for handling multi-variable, multi-constraint, and strongly coupled industrial scenarios (Boute et al., 2022). 
Degrave et al. (2022) proposed a full-coil autonomous control architecture based on RL to address difficult high-frequency 
closed-loop control of high-temperature plasma shape and large configuration switching design in tokamak magnetic 
confinement fusion. It solved magnetic field instructions in real-time through an end-to-end policy network under high-
level goal constraints, thereby achieving RL control of extremely complex fusion systems. De Marco et al. (2023) proposed 
an AI flight control based on deep deterministic policy gradient to address the strong coupling and nonlinear control of 
high-performance fighter jets in complex maneuvers and full autonomous waypoint tracking. A dedicated reward function 
was designed and trained on a 6-DoF high-fidelity model, which achieved fully autonomous completion of maneuvers such 
as rapid and continuous turns at high/low altitudes and within a large Mach number range. Bao et al. (2021) proposed an 
improved deep deterministic actor-critic predictor to address the poor controller adaptability caused by strong nonlinearity 
in industrial processes and frequent model maintenance. It decoupled the immediate reward from the action value function 
and derived the expected policy gradient under the assumption of normal state distribution to achieve early reliable updates 
and online accelerated learning, improving the stability and convergence speed of the control strategy. 

In summary, although existing research has made significant progress in cigarette equipment structure optimization, 
intelligent control of silk-making process parameters, and robust control and DRL strategy design of complex industrial 
systems. However, for the HSU in the roll wrap shop, a typical discrete manufacturing process with multiple variables, 
strong coupling, and frequent disturbances, there is still a lack of a unified intelligent Steady-State Control (SSC) 
framework for all working conditions. At present, existing methods mostly focus on mechanical structure improvement or 
local process optimization to verify the feasibility of DRL in continuous industrial processes. An adaptive control strategy 
that can directly solve the multi-variable synergy and stability of tension, material supply and winding in the High-Speed 
Rolling (HSR) process has not yet been formed. At the same time, the influence of raw material fluctuations, equipment 
wear and disturbance accumulation on process variables under high-speed working conditions shows a non-linear 
amplification trend. Existing controllers generally rely on model accuracy or parameter tuning, and are difficult to support 
real-time learning, online adjustment, and Steady-State Quality (SSQ) consistency assurance. Therefore, this study 
constructs an SSC method for HSU process quality in the wrapping workshop that integrates DRL to provide a feasible 
new intelligent control paradigm for intelligent manufacturing and high-quality production in the wrapping workshop. This 
method achieves high precision and highly adaptable SSC of the multi-variable wrapping process by introducing a dynamic 
prediction model to expand the training data and using reward and value function design for Steady-State Error (SSE) 
suppression. 

The research contributions of this paper are as follows:  

(1) Addressing the strong coupling characteristics of tension, yarn supply, and pressure during high-speed winding, a 
multi-variable SSC method based on DRL is constructed to achieve adaptive adjustment under complex working conditions. 

(2) A strategy optimization mechanism integrating Steady-State Deviation (SSD) guidance and motion smoothing 
constraints is proposed to improve the convergence stability and output smoothness of the control strategy. 

(3) A robust value update method considering multi-source disturbances is designed to enhance the model’s resistance 
to disturbances under conditions of raw material fluctuations and environmental changes. 

(4) A training and verification system driven by digital twins is constructed, and the effectiveness of the method is 
verified through actual industrial systems. Experimental results show that the key performance indicators are improved 
compared with traditional methods. 

2. Research Methodology 

First, in view of the strong nonlinearity and MVC characteristics of the high-speed wrapping process, a data-driven dynamic 
model based on real working conditions is constructed, and a DRL control framework that integrates the strategy network 
and the value network is built. Secondly, by introducing mechanisms such as action smoothing, SSD guidance, and robust 
disturbance correction, the convergence stability and environmental adaptability of the strategy under complex disturbances 
and changes in all working conditions are further improved. 

2.1. System Characteristic Analysis and Dynamic Modeling of HSR Wrapping Process 

The HSR wrapping unit shows typical MVC and strong nonlinear characteristics during operation. The key process 
variables interact with each other and are affected by multiple disturbances such as raw materials, equipment and 
environment at high-speed (Suzuki et al., 2005; Zhortuylov et al., 2021). Therefore, to construct a control strategy suitable 
for DRL, this study first systematically describes the variable structure, disturbance path and dynamic behavior of the 
wrapping process. A state space expression is formed for algorithm learning. The HSR process is defined as four main 
variables: paper feeding force tT , tobacco supply amount tF , rolling pressure tP  and linear speed tv . Tension, wire 
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supply, and pressure directly determine the molding stability of the tobacco rod, while speed, as a unified driving factor, 
will amplify the dynamic deviation of all variables (Seo et al., 2024; Tang et al., 2025). The system is also subject to 
comprehensive disturbances td  caused by fluctuations in raw material properties, mechanical wear, and changes in 
workshop temperature and humidity. Therefore, the key variables and disturbance transmission structure of the HSR 
process are shown in Fig. 1. 

Raw-material

Mechanical

Environmental

External disturbance 
sources

Tension Rolling pres

Feeding rate

Coupling 
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High-speed roll-to-roll process core 
variable system

Multipath 
superposition effect
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Fig. 1. Key variables and disturbance transmission structure in HSR process 
 

In Fig. 1, tension tT , yarn supply amount tF  and rolling pressure tP  are connected in two directions to form a strong 
coupling relationship. A shift in any one variable affects other variables through coupling links. Linear speed tv , as an 
external amplification factor, will enhance the fluctuation and response sensitivity of all variables during high-speed 
operation. Peripheral raw materials, machinery and environmental disturbances simultaneously affect the three core 
variables through multiple action paths, forming a complex source of compound disturbances in the wrapping process. To 
enable the DRL model to accurately describe the process, this study organizes the above key variables into state vectors, 
as shown in Eq. (1). 

𝑠𝑠𝑡𝑡 = [𝑇𝑇𝑡𝑡 ,𝐹𝐹𝑡𝑡 ,𝑃𝑃𝑡𝑡 , 𝑣𝑣𝑡𝑡 , 𝑑𝑑𝑡𝑡]                                      (1) 

In Eq. (1), ts  is a multidimensional state vector. To clarify the composition of the state space, this study defines the 
physical meaning, sampling unit, and typical fluctuation range of five categories of states, as shown in Table 1. 

Table 1. Definition and physical meaning of state variables for the high-speed cigarette making and packing system 

State 
variable Physical meaning  Unit Typical 

range 

tT  Tensile force applied to the paper during traction and forming reflects 
stability of paper shaping 

 N 2.5-4.0 

tF  Mass flow rate of tobacco shreds delivered per unit time; reflects density 
and filling uniformity 

 g/s 5.0-7.5 

tP  Compression pressure applied in the rolling section reflects rod tightness 
and structural stability 

 kPa 10-20 

tv  Machine operating speed, determining system dynamic response and 
disturbance amplification 

 m/s 2.0-4.5 

td  Equivalent representation of unpredictable external factors (raw material, 
mechanical, environmental); models external disturbances 

 - No fixed 
range 

 

The value ranges of each state variable in Table 1 are derived from the statistical results of actual production operation 
data, reflecting the variation range of the system under typical operating conditions, and are used to guide the model state 
space construction and training process. This range is an empirical statistical range rather than a hard control constraint, 
and the variables can fluctuate dynamically within a certain range in actual operation. The dynamic evolution of the 
packaging process is abstracted into a nonlinear state transition process, as shown in Eq. (2). 

𝑠𝑠𝑡𝑡+1 = 𝑓𝑓(𝑠𝑠𝑡𝑡 ,𝑎𝑎𝑡𝑡 ,𝑤𝑤𝑡𝑡)                                        (2) 

In Eq. (2), ta  is the control action vector. tw  is the composite disturbance term vector composed of raw materials, 
machinery and environmental disturbances. Since the nonlinear mechanism of the real system is difficult to accurately 
express through explicit models, the function ( )f ⋅  is modeled, driven by operating data in the study (Pattanayak et al., 
2024). To further characterize the sensitivity of the system to disturbances, a partial derivative matrix is used to describe 
the intensity of the influence of each disturbance on core process variables, as shown in Eq. (3). 
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⎥
⎤

                                          (3) 

This matrix represents the coupling sensitivity of the system and can explain why the high-speed wrapping process is 
prone to SSD under the action of disturbance. In addition, considering that the current state of the high-speed wrapping 
system basically determines the behavior trajectory at the next moment, the system has typical Markov characteristics. 
Therefore, this study formalizes the process into a DRL interactive Markov Decision Process (MDP), as shown in Eq. (4) 
(Jalali Khalil Abadi et al., 2024). 

𝑀𝑀 = {𝑆𝑆,𝐴𝐴,𝜌𝜌, 𝑟𝑟, 𝛾𝛾}                                          (4) 

In Eq. (4), S  is the set of state variables corresponding to MDP. A  is an executable control action. ρ  is an 
unknown dynamic transfer structure in space. r  is the evaluation function of process quality. γ  is the discount factor. 
Through systematic modeling, the high-speed wrapping process can form a state space and dynamic description suitable 
for DRL learning. 

2.2. Design of DRL Control Framework Integrating Dynamic Prediction 

Based on the aforementioned dynamic modeling and state space construction of the HSR wrapping process, this study 
further designs a DRL control framework suitable for complex disturbance environments. This framework takes real-time 
process data as input and learns the optimal control strategy through interaction with the environment, allowing the system 
to automatically maintain steady-state consistency of tension, yarn supply amount, and rolling pressure under all working 
conditions. To ensure learning efficiency and practical use. This paper constructs a control framework based on the Deep 
Deterministic Policy Gradient (DDPG) algorithm, and improves the network structure, policy update method, and reward 
function construction to address the characteristics of HSU. The specific structure is shown in Fig. 2. 
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Fig. 2. DRL process quality SSC framework 
 

In Fig. 2, the system state consists of variables such as tension, silk supply amount, pressure, speed, and disturbance, 
and is input into the strategy network through the state extraction module to generate control actions. The environment 
feeds back new status and rewards based on actions, which are used to update the value network and strategy network. 
Through the closed-loop structure of state input, action output, and reward learning, adaptive SSC of high-speed wrapping 
process is achieved. The DRL control framework constructed in this study is based on the DDPG algorithm, where the 
policy network and value network correspond to the Actor and Critic structures in DDPG, respectively (Kakooee et al., 
2024). The core of the DRL controller is to generate action vector ta  through state vector ts , so that the system can 
adjust toward the steady-state (Yue, 2026). Therefore, the mapping relationship of the policy network can be expressed as 
Eq. (5). 
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𝑎𝑎𝑡𝑡 = 𝜋𝜋𝜃𝜃𝑠𝑠𝑡𝑡                                          (5) 

In Eq. (5), θπ  is the policy network with parameter θ . To improve the learning stability in high-speed nonlinear 
systems, this study adopts a dual network structure based on policy network and value network. The value network is used 
to evaluate the long-term benefits of actions under the current strategy. The estimated function is shown in Eq. (6). 

𝑄𝑄𝜙𝜙(𝑠𝑠𝑡𝑡 ,𝑎𝑎𝑡𝑡)                                         (6) 

In Eq. (6), Qφ  is the action value function network represented by parameter φ , consistent with the Critic network in 
DDPG, which is used to evaluate the long-term reward of the current state-action pair. The estimated function output is 
used to guide policy updates to prevent the policy from oscillating directly based on sampling rewards. In the dynamic 
update process, the goal is to maximize the action value, so the policy gradient is shown in Eq. (7). 

𝛻𝛻𝜃𝜃𝐽𝐽(𝜃𝜃) = ℝ𝑠𝑠𝑡𝑡[𝛻𝛻𝜃𝜃𝜋𝜋𝜃𝜃(𝑠𝑠𝑡𝑡)𝛻𝛻𝑎𝑎𝑡𝑡𝑄𝑄𝜙𝜙(𝑠𝑠𝑡𝑡 ,𝑎𝑎𝑡𝑡)]                               (7) 

In Eq. (7), ( )J θ  is the strategy objective function. ( )J θ  is the gradient of the policy parameters. ( )tθπ s  is the 
action generated by the current policy network. ( , )

t t tQφ∇a s a  is the gradient of the action value function to the action, 
which is used to guide the strategy on how to adjust actions to achieve higher returns. ℝ𝑠𝑠𝑡𝑡[⋅] is the expectation for the 
state distribution, and the strategy update is based on the average result of multiple environmental samplings. Based on the 
standard DDPG reward function, and considering the disturbance sensitivity of high-speed winding machines in actual 
operation, the study further constructed three reward components: SSD penalty, motion smoothing constraint, and 
disturbance robustness term (Al-Kaf et al., 2025; Zhang et al., 2023). The complete reward form is shown in Eq. (8). 

2 2
1t t t t tr e dα β λ−= − − − −a a                                (8) 

In Eq. (8), te  is the deviation of the current variable from the target steady-state. α , β , and λ  are all adjustable 
weight coefficients. To further improve the numerical stability of the strategy, this study introduces the target network and 
soft update mechanism to make the iteration of the value network smoother. Its update strategy is shown in Eq. (9). 

𝜙𝜙𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ← 𝜏𝜏𝜏𝜏 + (1 − 𝜏𝜏)𝜙𝜙𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡                                     (9) 

In Eq. (9), targetφ  is the updated strategy. τ  is the soft update coefficient, with a value of 0.005-0.01. In summary, 
the proposed DRL control framework adopts real-time collection of state vectors, continuous learning of policy networks, 
and stable evaluation of value networks. It enables the HSR unit to achieve highly adaptive process quality control in 
complex disturbance environments and has the ability to independently learn optimal adjustment rules from data. 

2.3. Strategy Optimization and Robust Enhancement Mechanism for SSQ 

Based on the aforementioned control framework, high-speed wrapping systems will still face strategic oscillation 
challenges caused by parameter uncertainty, disturbance amplification effects and nonlinear coupling in real operations. 
This makes it possible that the basic DRL strategy cannot maintain stable output under all operating conditions. Therefore, 
this study proposes an optimization and robust enhancement method for SSQ from two aspects: the policy training process 
and the value estimation mechanism, to improve the controllability, stability, and environmental adaptability of the policy. 
First, based on the Actor update mechanism of the DDPG algorithm, to reduce the abrupt actions of high-speed actuators 
during the policy update phase, action smoothing constraints are introduced into the Actor update. This mechanism prevents 
the policy from learning rapidly changing control methods during the training process by applying inhibition terms to the 
action gradients of consecutive time steps. Its gradient correction expression is shown in Eq. (10). 

𝛻𝛻𝜃𝜃𝐽𝐽𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ = −𝛿𝛿(𝑎𝑎𝑡𝑡 − 𝑎𝑎𝑡𝑡−1)                                      (10) 

In Eq. (10), smoothJθ∇  is the gradient correction. δ  represents the smoothing coefficient, with a value range of 0.1-
0.5. Smooth operation can reduce the mechanical impact of the rolling pressure regulator, wire supply motor and other 
executive components, and improve the stability of the operation under high-speed operation. The corresponding 
optimization process is shown in Fig. 3. 

In Fig. 3, the current state and the action input at the previous moment work together on the policy network through the 
SSD module and the action smoothing module to output smooth control actions. Secondly, to improve the control accuracy 
in the steady-state region of the roll-up process, an SSD guidance mechanism was constructed based on the Temporal-
Difference (TD) error update of the DDPG algorithm. Instead of being directly used as a reward splitting term, it modifies 
the error propagation direction of the value function during the Critic update stage, making the value estimation more 
sensitive to SSD. The idea c to add an SSD correction term to the TD error, as shown in Eq. (11). 

2steady
t t tσ σ κ ∗= − −s s                                    (11) 

In Eq. (11), steady
tσ  represents SSD. tσ  is the traditional TD error. ∗s  is the steady-state target value. κ  is the 

steady-state reinforcement factor. Finally, to enhance the adaptability of the strategy to uncertainties such as raw material 
fluctuations, mechanical wear and environmental changes, a perturbation robust correction mechanism was designed based 
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on the Critic function update of the DDPG algorithm. By estimating the amplitude of the disturbance proxy variable td It 
serves as a damping factor for value updates, making the Critic’s estimation in high disturbance areas smoother and 
reducing gradient oscillations. Specifics are shown in Eq. (12). 
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Fig. 3. Strategy smoothing and SSD optimization mechanism 
 

robust steady
t t tdσ σ ϑ= −                                     (12) 

In Eq. (12), robust
tσ  is the perturbation robust correction result. ϑ  is the disturbance sensitivity coefficient. The 

overall structure and influence path of the robust correction mechanism are shown in Fig. 4. 
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Fig. 4. Policy robustness enhancement mechanism and perturbation suppression path 
 

In Fig. 4, external disturbances first enter the disturbance correction module, and the strategy instability caused by the 
disturbance is corrected through steps such as unified noise injection, adaptive disturbance compensation, and robust 
calibration. Secondly, the correction signal and the parameterization result of the reference potential function work together 
in the strategy update process, so that the generated control strategy has both steady-state tracking capability and 
interference immunity performance, thereby maintaining stable and smooth control behavior in the HSR MVC process. 
Based on the above strategy update mechanism, the final value network update form is shown in Eq. (13). 

𝜎𝜎𝑡𝑡𝑒𝑒𝑒𝑒ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = 𝜎𝜎𝑡𝑡 − 𝜅𝜅‖𝑠𝑠𝑡𝑡 − 𝑠𝑠∗‖2 − 𝜗𝜗𝑑𝑑𝑡𝑡                                (13) 

The TD error effectively suppresses update oscillations caused by nonlinear coupling and disturbance amplification, 
allowing Actor-Critic to maintain stable convergence in the full working range and generate smoother and more reliable 
action output. Based on the nature of training, this policy optimization and robust enhancement mechanism can not only 
improve the stability and convergence speed of policy learning but also enhance the adaptability of the control strategy to 
external disturbances. This enables the DRL controller to meet the strict requirements for SSQ consistency of high-speed 
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wrapping machines, thereby achieving online intelligent control. 

3. Results 

First, through multiple sets of experiments such as SSE convergence, dynamic response speed, and action smoothness, the 
proposed improved DRL control method is compared and verified. Secondly, combined with the robustness test of three 
typical working conditions: sudden disturbance, continuous disturbance, and compound disturbance, the disturbance 
suppression capability and long-term stability in complex environments are further verified. 

3.1. Experimental Setup 

To validate the proposed DRL-based steady-state control method, a comprehensive experimental platform consisting of 
real operational data, a digital twin simulation environment, and a high-performance computing system was constructed. 
The dataset was collected from a high-speed wrapping unit under multiple shifts and operating speeds, with a total volume 
of approximately 105 samples and a sampling interval of about 0.1 s. The features include tension, tobacco supply rate, 
rolling pressure, line speed, and disturbance-related variables. The dataset was divided into training, validation, and test 
sets in a ratio of 70%/15%/15%. 

A digital twin environment was developed using a dynamic prediction model, enabling the DRL controller to perform 
high-frequency interaction learning under extended operating conditions. To validate the consistency between the digital 
twin and the real system, representative real operational data were used as reference inputs, and the dynamic responses of 
key variables, including tension, tobacco supply rate, and rolling pressure, were compared between simulation and actual 
measurements. Quantitative evaluation was conducted using RMSE and relative error. The results show that the RMSE of 
key variables is approximately within 0.05-0.10, with relative errors controlled within 5%, indicating high fidelity between 
the simulation and real system. 

The model adopts a DDPG-based Actor-Critic framework, including a policy network, a value network, and a target 
network, with additional action smoothing and SSD guidance mechanisms. The training process consists of 2 million 
interaction steps with a soft update coefficient of 0.005, and the value network is optimized using mean squared error. To 
improve generalization, domain randomization is introduced during training by applying stochastic variations in 
disturbance magnitude, material properties, and environmental conditions. Moreover, the operating speed range of 2.0-4.5 
m/s is uniformly sampled to ensure coverage of the full working condition space. The test phase includes three types of 
typical working conditions. (1) Steady-state working conditions are used to verify that the strategy maintains steady-state 
consistency of tension, wire supply amount, and rolling pressure. (2) Sudden disturbance working conditions, which 
simulates step disturbances in silk supply amount, tension impact, and sudden changes in paper humidity to evaluate rapid 
recovery performance. (3) Continuous disturbance working conditions, including slow changes in raw material quality and 
accumulation of mechanical wear, were used to verify the robustness of the strategy under long-term operation. The 
experimental information is listed in Table 2. 

Table 2. Experimental hardware and software environment configuration 

Category Configuration 
Operating system Ubuntu 22.04 LTS (64-bit) 
CPU Intel Core i9-12900K (16 Cores / 24 Threads, up to 5.2 GHz) 
GPU NVIDIA RTX 3090 (24 GB GDDR6X) 
Memory 64 GB DDR5 
Deep learning framework PyTorch 2.2 + CUDA 12.1 

Simulation environment Digital twin model of the high-speed cigarette-packing process trained on operational 
data (Python 3.10) 

Reinforcement learning library Custom Actor–Critic module + Stable-Baselines3 (for baseline comparison) 
Data processing tools NumPy, Pandas, SciPy, Matplotlib 
Deployment verification 
platform 

Cigarette-packing machine PLC + industrial data acquisition system (desensitized 
production data) 

 

3.2. SSC Performance and Dynamic Response Results 

To verify the advantages of the improved DRL control method in maintaining steady-state, this study first compares the 
SSE convergence process of three types of typical process variables. The comparison methods include a traditional 
Proportional-Integral-Derivative (PID) controller. Basic DRL strategy without adding a robust enhancement mechanism, 
and an improved DRL control strategy. All methods are run under the same initial deviation conditions, and the controller’s 
ability in steady-state consistency is evaluated by comparing the error decline rate over time, the final SSD, and the residual 
oscillation amplitude. The SSE convergence process of the three types of control methods on key process variables is 
shown in Fig. 5. 

In the tension error in Fig. 5(a), the improved DRL quickly reduces the error from 1.00 to 0.20 in 2s, and stabilizes to 
0.02 in 10s. The final SSE is 0.12 for the basic DRL and 0.15 for the PID. Compared with other methods, the improved 
DRL is reduced by 83.33% and 86.67%. In Fig. 5(b), the improved DRL compresses the error to 0.15 in 3s, and the final 
steady-state remains at 0.03. Compared with the basic DRL and PID, the yarn supply error of the improved DRL is reduced 
by 86.36% and 88.89%. Regarding the rolling pressure error in Fig. 5(c), the improved DRL quickly drops to 0.13 within 
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4 s and finally converges to 0.05, which is 80.77% and 83.87% lower than the basic DRL and the PID, respectively. The 
improved DRL performs optimally in terms of convergence speed, SSD, and oscillation suppression. The dynamic response 
and overshoot characteristics of the three methods are shown in Fig. 6. 
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Fig. 5. Comparison of SSE convergence 
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Fig. 6. Comparison of dynamic response performance under typical step disturbances 
 

The tension response data in Fig. 6(a) show that the PID curve fluctuates greatly in the early stage, and the process of 
converging to the target value of 1.00 is relatively slow. The basic DRLs are 1.18 and 1.07 at 1s and 2s, respectively. The 
response process has improved, but there is still a certain degree of overshoot and adjustment. In contrast, the improved 
DRL has faster overall response, shorter adjustment process and smoother curves. In the silk supply amount recovery 
process in Fig. 6(b), the improved DRL reduces the error to less than 0.10 within 2.70s, which is significantly faster than 
the recovery time of basic DRL and PID. The rolling pressure response in Fig. 6(c) also reflects the high-speed 
characteristics of the improved DRL. Compared with the basic DRL and PID, the rolling pressure response speed of the 
improved DRL is increased by 21.43% and 42.11%. Overall, the improved DRL performs best in overshoot suppression, 
dynamic response speed, and recovery ability. After introducing the motion smoothing mechanism, the system effectively 
suppresses overshoot while maintaining a fast response speed. However, as the smoothing coefficient increases, the 
response process will be slightly prolonged, reflecting the trade-off between response speed and control smoothness. The 
performance of the three types of control strategies in action smoothness is shown in Fig. 7. 

Fig. 7(a) shows the standard deviation of action signal fluctuations. The fluctuation intensity of PID is 0.24, the basic 
DRL is reduced to 0.15, and the improved DRL is further reduced to 0.08, and the fluctuation amplitude is 66.67% smaller 
than that of PID. Fig. 7(b) shows the action change rate. The average action accuracy of the improved DRL is only 0.03, 
which is significantly lower than that of the basic DRL and PID, indicating that its control command changes are more 
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continuous and without mutations. The instruction smoothness statistics in Fig. 7(c) also confirm this trend. The improved 
DRL can effectively suppress motion oscillations, reduce the mechanical stress on the actuator, and improve control 
stability under high-speed conditions. As the smoothing coefficient increases, motion ripple and overshoot decrease 
significantly, but the system response speed decreases slightly, reflecting the trade-off between overshoot and response 
time. 
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Fig. 7. Comparison of motion smoothness 
 

3.3. Disturbance Suppression Capability and Robustness Verification 

In actual high-speed wrapping conditions, the system not only needs to maintain steady-state accuracy, but also must face 
multi-source disturbance factors such as raw material fluctuations, mechanical wear, and paper humidity changes. 
Therefore, this study further compares the anti-disturbance performance of PID, basic DRL, and improved DRL from three 
dimensions: sudden disturbance recovery capability, stability under continuous disturbance, and robust output 
characteristics under compound disturbance situations. The transient recovery conditions of the three methods under step 
and pulse disturbances are shown in Fig. 8. 

In Fig. 8(a), the PID deviation is still 0.62 at 1s, the basic DRL is reduced to 0.50, and the improved DRL is further 
reduced to 0.36. The recovery speed of the improved DRL is significantly accelerated, and it is close to that of SSD in 2s 
to 3s. In the step disturbance of the wire supply amount in Fig. 8(b), at 4.5s, the remaining errors of PID and basic DRL 
are still 0.28 and 0.20, while the error of the improved DRL is reduced to 0.06. The error recovery speed of the improved 
DRL is 78.57% higher than that of PID. Fig. 8(c) further illustrates the superiority of bias convergence of the improved 
DRL in three typical disturbance scenarios. This may be because this study introduces action smoothing, SSD guidance 
and disturbance robust correction mechanisms, which enables the improved DRL to effectively suppress the transient offset 
caused by sudden disturbances and restore the steady-state in a shorter time. The comparison between the steady-state 
retention capabilities of the three methods under continuous disturbance and SSD is shown in Fig. 9. 

In Fig. 9(a), the SSD of PID continues to accumulate over time, rising from 0.16 at 10 s to 0.31 at 60s, and the SSD of 
basic DRL remains at 0.13-0.18 in the same range. The SSD of the improved DRL always remains in the low deviation 
range of 0.08-0.09, with minimal fluctuations. In Fig. 9(b), the wire supply offset results of PID and basic DRL are always 
higher than those of the improved DRL. At 60 s, the offset results of the improved DRL are 67.65% and 50.00% lower than 
those of PID and basic DRL. In Fig. 9(c), the improved DRL has the smallest SSD, the narrowest fluctuation range, and 
the smallest accumulated drift over time under continuous disturbance conditions, and has long-term stability. The 
robustness of the three methods under compound disturbance and random disturbance scenarios is shown in Fig. 10. 

Fig. 10(a) shows the multi-source disturbance RMSE of the three methods. The RMSE of PID under disturbance levels 
one, two, and three are 0.28, 0.36, and 0.45, and the basic DRL is 0.22, 0.28, and 0.34, while the improved DRL is the 
lowest, only 0.15, 0.19, and 0.23. Under the random noise condition in Fig. 10(b), the overall change of the improved DRL 
is the smallest, indicating that its action output is more stable and less sensitive to noise. In the system stability index in 
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Fig. 10(c), under disturbance level three, the stability indices of PID, basic DRL, and improved DRL are 0.49, 0.68, and 
0.82. The improved DRL is 67.35% and 20.59% higher than that of PID and basic DRL. Overall, the improved DRL 
maintains the lowest error, lowest action variance, and highest stability index under conditions of compound disturbance, 
strong noise, and high uncertainty, showing optimal robustness and environmental adaptability. To further evaluate the 
application effect of the proposed method in actual production, the operating status of different control strategies under 
step changes in yarn supply was compared from the production process. The details are shown in Table 3. 
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Fig. 8. Short-term sudden disturbance suppression capabilities of the three methods 
 

As shown in Table 3, compared with PID and the basic DRL, the improved DRL reduces the recovery time by 43.48% and 
23.74%, respectively. This indicates that the system can recover to a stable operating state more quickly after a disturbance, 
thereby reducing adjustment waiting time in the production process and improving equipment utilization efficiency. 
Simultaneously, the fluctuation amplitude of key variables and SSD significantly decreases, indicating that the proposed 
method provides a smoother control process, reduces mechanical shock and component wear, decreases maintenance 
frequency, improves product quality consistency, and reduces the defect rate. In summary, the proposed method not only 
has significant advantages in control performance but also demonstrates significant engineering decision-making value in 
production efficiency improvement, equipment operating stability, and quality control. 

Table 3. Performance comparison before and after the production process 

Metric PID Basic DRL Improve DRL 
Recovery time (s) 4.83 3.58 2.73 

Fluctuation amplitude 0.25 0.15 0.08 
SSD 0.15 0.12 0.05 

Stability index 0.49 0.68 0.82 
 

4. Conclusion 

To address the challenges of multi-variable coupling and disturbance sensitivity in high-speed cigarette packaging 
processes, a DRL-based SSQ control method is proposed. By incorporating action smoothing constraints and a SSD 
guidance mechanism, the proposed method demonstrates clear advantages in dynamic response speed, overshoot 
suppression, and steady-state accuracy. Experimental results show that under representative disturbance conditions, the 
recovery time is reduced by more than 40%, and the fluctuation amplitude of key variables is decreased by over 60%, 
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significantly enhancing control stability and operational reliability. 

From the perspective of engineering application and managerial decision-making, the findings indicate a transition from 
traditional experience-based parameter tuning and manual intervention toward data-driven and adaptive optimization 
paradigms. With the proposed method, managers can reduce reliance on real-time manual adjustments and shift control 
strategy selection from empirical settings to policy learning and optimization. In scenarios characterized by frequent 
disturbances or varying operating conditions, intelligent control methods with adaptive capabilities can be preferentially 
adopted. Furthermore, the improved system stability enables more flexible production scheduling decisions, such as 
increasing operating speed or reducing conservative safety margins, thereby improving overall production efficiency and 
resource utilization. 

The current method still relies on the matching degree between the simulation environment and real data, and its 
generalization ability to extreme working conditions needs to be further verified. Future work will focus on cross-device 
transfer learning, online retraining mechanisms, and deep integration with digital twins to further improve the 
generalization, deployment efficiency, and industrial applicability of the strategy 
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Fig. 9. Steady-state maintenance capability and SSD under continuous perturbation 
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