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This research presents a novel approach for solving the balancing and
sequencing problem in mixed-model assembly lines by leveraging the power
of artificial intelligence. The proposed multi-model assembly line
environment utilizes deep neural networks and reinforcement learning to
properly consider both task balancing and sequencing. Production data—
including task completion times, the total number of workstations, and
precedence relationships between tasks—were collected and modeled. A
reinforcement learning model was employed to learn the optimal task
sequence and allocate them to workstations in real-time, aiming to achieve
the shortest completion time and maximum assembly line efficiency.
Furthermore, deep neural networks were used to predict the required
processing times for tasks and to determine how tasks should be transferred
between stations. Numerical evaluation based on real-world data
demonstrates that the new method effectively reduces idle time, minimizes
task waiting time, and improves production flow.
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1. Introduction

Mixed-model assembly lines (MMALS) play a crucial
role in modern manufacturing systems by enabling
the simultaneous production of multiple product
variants on a shared assembly line, thereby
enhancing flexibility and responsiveness to market
demands. Two core decision problems in MMALs are
assembly line balancing and task sequencing.
Assembly line balancing focuses on assigning tasks
to workstations such that workload distribution is as
even as possible, while sequencing determines the
optimal order of product models and tasks to
maintain a continuous and efficient production flow.
Although these problems are highly interdependent,
most existing studies address them separately,
which limits their applicability in complex and
dynamic production environments (Boysen et al.,
2009; Razali et al., 2019).

Previous research has predominantly applied
heuristic and metaheuristic optimization techniques,
such as genetic algorithms, simulated annealing, and
tabu search, to solve the mixed-model assembly line
balancing problem. Despite their effectiveness in
generating near-optimal solutions, these methods
often suffer from high computational cost,
parameter sensitivity, and limited adaptability to
dynamic and stochastic production conditions
(Zhang et al., 2023).

2. Methodology

The DNN component serves as a predictive model to
estimate task processing times at different
workstations based on historical production data,
task precedence relationships, and station
characteristics. These predictions provide real-time
decision support and enhance the system’s
responsiveness to dynamic production conditions.
The architecture of the DNN model is shown in
Figure 1.

The dataset used in this study was collected from a
real mixed-model automotive assembly line over a

12-month period and includes task processing times,
workstation capacities, task precedence constraints,
and multi-model scheduling information.

A Deep Q-Network (DQN) is employed to learn an
optimal sequencing and allocation policy through
interaction with the environment. The reward
function is designed to penalize makespan, idle
times, and workload imbalance, while encouraging
smooth task flow and balanced station utilization.
The data exchange and interaction between the DNN
and DQN components are depicted in Figure 2.
Model performance was evaluated separately for the
prediction and decision-making components. The
DNN was validated using five-fold cross-validation,
with RMSE, MAE, and MAPE as accuracy metrics,
while the DQN was tested over multiple independent
runs with different random seeds to assess stability
and robustness. Performance indicators included
average reward, makespan, and idle time, and
statistical comparisons with traditional optimization
methods such as genetic algorithms (GA) and
simulated annealing (SA) were conducted using
paired t-tests.

3. Results and Discussion

The experimental results demonstrate that the
proposed hybrid DNN-DQN approach consistently
outperforms traditional optimization methods,
including Genetic Algorithms (GA) and Simulated
Annealing (SA), across all evaluated performance
metrics. This superiority is primarily attributed to
the continuous learning capability and real-time
policy updates of the DQN agent, which dynamically
adapts task allocation and sequencing decisions
based on actual system states. As a result, the
proposed method achieves lower makespan, reduced
idle time, and improved workload balance among
workstations (Figure 4). A comparative summary of
the overall performance of all methods is provided in
Table 1.
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Figure 1. The architecture of the DNN.
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Figure 2. Flow of data between the DNN and DQN.
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Table 1. Performance of the Proposed DNN and DQN Models Compared to Traditional Optimization Methods

Method Makespan Idle Time Workload Imbalance
DNN + DQN 13,100 1,200 5%

(GA) 13,900 1,800 7%

(sA) 14,000 2,000 6.5%

From a methodological perspective, the hybrid
framework benefits from both accurate prediction
and adaptive decision-making. The DNN component
provides reliable estimates of task processing times,
forming a robust foundation for downstream
scheduling decisions. Meanwhile, the DQN
dynamically redistributes tasks to prevent
workstation congestion and bottleneck formation,
thereby improving line balance. Unlike GA and SA,
which rely on static or offline optimization, the
proposed approach operates in a fully dynamic and
real-time manner, enabling higher flexibility and
responsiveness to changes in the production
environment. The comparison of makespan is
illustrated in Figure 3.
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Figure 3. Comparison of makespan for different models.
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Figure 4. Idle time distribution.
4. Conclusions

This study proposes a novel integrated DNN-DQN
framework for optimizing task allocation and
scheduling in mixed-model assembly lines (MMALS).
The DNN component accurately predicts task
processing times, while the DQN agent dynamically
learns optimal task sequencing and allocation
policies in real time based on current production
conditions. Experimental results demonstrate that
the proposed approach significantly outperforms
traditional optimization methods such as Genetic
Algorithms (GA) and Simulated Annealing (SA),
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achieving a 33% reduction in idle time, a 10%
reduction in makespan, and a 28% improvement in
workload balance. Unlike static optimization
approaches, the DNN-DQN model continuously
adapts to system dynamics, enabling real-time
control and enhanced flexibility.
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