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Abstract. Continuous casting is a key process in intelligent steel manufacturing, and mold level
control directly affects slab quality and production stability. However, strong nonlinearity,
multivariable coupling, time delays, and operating disturbances make real-time control optimization
challenging for conventional control strategies. To address this problem, this paper proposes a
digital twin-driven reinforcement learning control method based on Twin Delayed Deep
Deterministic Policy Gradient with Composite Prioritized Experience Replay, termed TD3-CPER. A
data-driven digital twin environment is constructed using real production data to support closed-loop
policy training and evaluation. In TD3-CPER, the replay mechanism integrates temporal-difference
error, reward feedback, replay frequency, and K-Medoids clustering to improve sample utilization
and training stability. Simulation results show that TD3-CPER increases the number of Grade I
slabs by 56.2% compared with manual control and achieves a 14.7% higher average cumulative
reward than the strongest baseline reinforcement learning method. These results suggest that
TD3-CPER is a feasible approach for quality-oriented control optimization in continuous casting.

Keywords: Digital twin; reinforcement learning; TD3-CPER; continuous casting; intelligent
manufacturing; process control.

1. Introduction
Continuous casting connects steelmaking and rolling in modern steel production, and its stability

directly affects slab quality, production continuity, and manufacturing efficiency [1][2]. Mold level
fluctuation is closely associated with surface defects, inclusion formation, breakout risk, and casting
instability [3]. Accurate mold level control is therefore essential for intelligent steel manufacturing.

However, mold level control remains challenging because the continuous casting process
involves strong nonlinearity, multivariable coupling, time-varying dynamics, flow disturbances, and
strict safety constraints. The mold level is affected by stopper rod position, casting speed, molten
steel flow, thermal conditions, and withdrawal behavior. Although artificial intelligence and
machine learning have been applied to process optimization in continuous casting and steel
manufacturing [4], manual operation and fixed-parameter control strategies still suffer from limited
adaptability, delayed response, and insufficient utilization of industrial data.

Digital twin technology provides a virtual representation of physical production systems and
supports simulation, monitoring, prediction, and control validation [5][6]. Data-driven digital twins
have been investigated for manufacturing quality prediction and coordinated control in continuous
casting processes [7][8]. Meanwhile, deep learning and reinforcement learning have been explored
for continuous casting prediction, automatic casting control, and decision support [9][10]. However,
the application of deep reinforcement learning to continuous casting still faces several challenges,
including training instability, limited sample efficiency, and safe policy evaluation.

To address these issues, this paper proposes a digital twin-driven TD3-CPER control framework
for continuous casting mold level control. The main contributions are as follows:

• A data-driven digital twin simulation environment is constructed using real continuous casting
production data to support closed-loop policy training and evaluation.
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• A Composite Prioritized Experience Replay mechanism is integrated into TD3 to improve
sample utilization and policy learning stability.

• Digital twin-based simulation results demonstrate improved slab quality and higher cumulative
reward compared with manual control and representative reinforcement learning baselines.

2. Digital Twin-Based Continuous Casting Control Framework
The proposed framework optimizes mold level control through closed-loop interaction between a

reinforcement learning agent and a data-driven digital twin environment. The physical continuous
casting process involves the tundish, mold, stopper rod, withdrawal system, and external
disturbances. The mold level is mainly regulated by stopper rod position and casting speed, while it
is also affected by coupled variables such as molten steel flow, mold width, argon flow, and
cooling-related parameters.

A data-driven digital twin model is constructed using real industrial production data. In the
original dataset, 122 process variables were collected from the continuous casting production line.
A random forest-based feature importance analysis was adopted to select 30 key variables highly
correlated with mold level fluctuations. Based on these variables, a multilayer perceptron model
was trained to predict the dynamic mold level. The digital twin model achieved an �2 of 0.8006, a
normalized MSE of 8.36 × 10−4 , and an MAE of 0.3242 mm on the test set, providing a feasible
simulation environment for reinforcement learning-based policy training and evaluation.

As shown in Fig. 1, the reinforcement learning agent observes the mold level state from the
digital twin environment and outputs continuous control actions, including stopper rod adjustment
and casting speed regulation. The digital twin then generates the next state and reward according to
the simulated process response. This closed-loop structure enables policy training and
simulation-based validation before potential industrial implementation.

Fig. 1 Framework of the digital twin-driven TD3-CPER control method.

The control problem is formulated as a Markov decision process (MDP). To reduce model
complexity and improve real-time feasibility, the state is represented by the mold level:

S� = [�����(�)]
where �����(�) denotes the mold level at time t. The action space includes two adjustable

control variables:
A� = [�������� � , �������� � ]
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where �������� � is the stopper rod position and �������� � is the casting speed. The reward
function jointly considers mold level stability, casting speed stability, and abnormal mold level
events:

R� = �� � + �ℎ � + �� �
where �� � denotes the reward related to casting speed stability, �ℎ � denotes the reward

related to mold level stability, and �� � denotes the penalty term for abnormal mold level events.

3. TD3-CPER Reinforcement Learning Method
The proposed TD3-CPER method adopts TD3 as the continuous-control backbone and improves

the experience replay process for digital twin-based continuous casting control. Since stopper rod
adjustment and casting speed regulation are continuous control actions, TD3 is used to reduce
overestimation bias through twin critic networks, target policy smoothing, and delayed policy
updates [11][12].

For a sampled transition (��, ��, ��, ��+1, ��), the target Q-value is calculated as:
�� = �� + γ 1 − �� min

�=1,2
�θ�

' (��+1, ã�+1)

where � is the discount factor, �� is the terminal flag, ���
' denotes the j-th target critic

network, and ã�+1 is the smoothed target action. Instead of modifying the original TD3 update
structure, this study focuses on selecting valuable and diverse samples from the replay buffer.

Conventional Prioritized Experience Replay samples experiences mainly according to
temporal-difference (TD) error [13][14]. Although this mechanism improves the utilization of
high-error samples, it may ignore reward feedback and repeatedly reuse a small number of
high-priority samples. In continuous casting, high-reward samples often correspond to stable mold
level regulation, while excessive replay of similar samples may reduce sample diversity and weaken
policy generalization. Therefore, Composite Prioritized Experience Replay is introduced.

First, CPER defines a composite priority by combining TD error and reward:
Γ� = δ� + λσ ��

where Γ� is the composite priority of the i-th experience, δ� is the TD error, �� is the
immediate reward, λ is the reward weight, and σ ⋅ is the sigmoid function. This design prevents
negative priorities and emphasizes both learning value and control quality.

Second, CPER introduces a replay-frequency decay term to avoid excessive reuse of specific
samples:

�� = ��(�)Γ� + ε
where �� is the final priority, � � is the replay count of the i-th experience, � is the decay

factor, and ε is a small constant used to avoid zero priority. This mechanism reduces the priority of
repeatedly used samples and encourages learning from fresher or less-replayed experiences [15].
The sampling probability is calculated as:

� � =
��

α

� ��
α�

where α controls the strength of prioritization.
Third, CPER uses K-Medoids clustering to improve sample diversity. A candidate set is first

selected from the replay buffer according to composite priority. Then, K-Medoids clustering divides
the candidate samples into several clusters, and representative high-priority samples are selected
from different clusters to form the final mini-batch. This reduces redundant sampling and mitigates
the diversity limitation of conventional PER [16]. Since priority-based non-uniform sampling may
introduce bias, importance sampling weights are used:

�� =
�� �

−β

max
�

�� � −β

where � is the replay buffer size and � controls the correction strength.
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Overall, CPER combines composite priority evaluation, replay-frequency adjustment, and

clustering-based sample selection. This replay strategy improves sample utilization and training
stability for continuous casting mold level control.

4. Experimental Design and Results
4.1 Experimental Setup

The proposed method is evaluated in a digital twin-based simulation environment constructed
from real continuous casting production data. The data were collected from a continuous caster in a
steel plant on May 29, 2024. Process variables, including casting speed, mold level, and cooling
water flow, were recorded at a sampling frequency of 1 Hz, yielding 43,200 samples over a 12-hour
production period. The first 10 hours, containing 36,000 samples, were used for training, and the
remaining 2 hours, containing 7,200 samples, were used for testing.

TD3-CPER is compared with actual manual control and three baseline deep reinforcement
learning algorithms: DDPG-PER, TD3-PER, and SAC-PER. Algorithm performance is measured
by the average cumulative reward and peak reward over five independent runs. Process control
performance is evaluated using slab quality grading metrics based on mold level fluctuation and
casting speed fluctuation.

4.2 Mold Level Response and Quality Comparison
As shown in Fig. 2, TD3-CPER produces smoother mold level responses and fewer abnormal

deviations in the digital twin environment. This indicates that the method can coordinate stopper
rod adjustment and casting speed regulation for more stable mold level control.

Fig. 2 Comparison of mold level responses between actual production and TD3-CPER simulation.

The quantitative quality comparison is reported in Table 1. The Grade I rate of casting speed
fluctuation reaches 100.00% in TD3-CPER simulation, compared with 96.31% in actual production.
The Grade I rate of mold level fluctuation reaches 98.63%, compared with 87.10% in actual
production. Under the integrated slab quality evaluation, the number of Grade I slabs increases from
185 in actual production to 289 in TD3-CPER simulation, corresponding to a 56.2% increase in the
Grade I slab count.

Table 1. Quality comparison between actual production and TD3-CPER simulation
Metric Actual production TD3-CPER simulation
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Grade I rate of casting speed fluctuation 96.31% 100.00%
Grade I rate of mold level fluctuation 87.10% 98.63%

Number of Grade I slabs 185 289
Number of Grade II slabs 23 4

4.3 Training Reward Comparison
To evaluate learning performance, TD3-CPER is compared with DDPG-PER, TD3-PER, and

SAC-PER under the same simulation settings. The training reward curves are shown in Fig. 3.
TD3-CPER achieves faster convergence and more stable reward improvement than DDPG-PER and
TD3-PER. Compared with SAC-PER, it obtains a higher average cumulative reward with lower
training variance.

Fig. 3 Training reward curves of TD3-CPER and baseline DRL algorithms.

The final training results show that TD3-CPER achieves an average cumulative reward of 844.6
± 36.5 and an average peak reward of 973.6 ± 45.0. In comparison, DDPG-PER, TD3-PER, and
SAC-PER achieve average cumulative rewards of 363.8 ± 594.0, 598.2 ± 326.2, and 736.5 ± 170.8,
respectively. Compared with the strongest baseline, SAC-PER, TD3-CPER improves the average
cumulative reward by 14.7%. This suggests that CPER enhances experience utilization and policy
learning stability.

4.4 Effectiveness of TD3-CPER Components
To analyze the contribution of different CPER components, several algorithm variants are

compared in Table 2. Removing the reward-feedback component reduces the average cumulative
reward from 844.6 to 746.8. Removing replay-frequency adjustment further decreases the reward to
673.9, indicating that replay-frequency adjustment helps avoid excessive reuse of specific samples.
When clustering-based sample selection is removed, the average cumulative reward decreases to
693.8, suggesting that sample diversity contributes to training stability.

Table 2. Performance comparison of TD3-CPER variants.
Algorithm variant Average cumulative reward Average peak reward

Complete TD3-CPER 844.6 ± 36.5 973.6 ± 45.0
Reward ablated 746.8 ± 185.8 994.4 ± 4.4
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Replay frequency ablated 673.9 ± 141.2 948.4 ± 58.8
Clustering ablated 693.8 ± 161.9 969.6 ± 45.9

These results show that the components of TD3-CPER work cooperatively. Reward feedback
guides priority evaluation toward high-quality control behavior, replay-frequency adjustment
improves sample utilization, and clustering-based selection enhances sample diversity.

5. Conclusion
This paper proposes a digital twin-driven TD3-CPER reinforcement learning control method for

continuous casting mold level control. By integrating a data-driven digital twin environment with
TD3 and Composite Prioritized Experience Replay, the proposed method enables closed-loop
policy training and evaluation for intelligent manufacturing-oriented process control.

Simulation results show that TD3-CPER increases the number of Grade I slabs by 56.2%
compared with actual manual control. It also achieves a 14.7% higher average cumulative reward
than the strongest baseline reinforcement learning method. These results indicate that the proposed
replay mechanism improves both quality-oriented control performance and learning stability.

This study is still limited to simulation-based validation using real production data. The proposed
method has not yet been deployed in a real-time industrial closed-loop production line. Future work
will focus on safe field validation, safety-constrained reinforcement learning, online adaptation, and
generalization testing under multiple casting conditions.
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