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Abstract

To address the resource scheduling problem in complex production environments, this study proposes
a production scheduling model based on Estimation of Distribution Algorithm. The model constructs a
probability model using spatial distribution, evaluates the scheduling population based on high-quality
individuals, introduces an archive mechanism to enhance solution diversity, and combines Deep
Reinforcement Learning and Tabu Search algorithm for global optimization. It achieves adaptive
production scheduling optimization under dynamically changing resources. In testing experiments, the
model achieves an accuracy of 95.11 % in sample classification prediction tasks. The computational
load and number of parameters for production data processing are 664.8 FLOPs and 90.54 M,
respectively. The scheduling delay rate and resource utilization are 4.39 % and 97.96 %, significantly
outperforming comparison models. These results indicate that the model provides stable and efficient
production scheduling optimization and multi-constraint conditions, offering reliable algorithm support
for production scheduling in cloud-based networked manufacturing environments.
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1. INTRODUCTION

With the development of intelligent and digital manufacturing, traditional factory production
gradually shifts to a new mode based on networked manufacturing and cloud computing [1, 2].
However, manufacturing resources in this new mode have large task volumes and complex
production requirements, which require integration of production scheduling and optimization
to improve network resource efficiency [3, 4]. Traditional scheduling methods mainly rely on
human experience and rules, which have low computational efficiency and insufficient dynamic
adaptability. There is an urgent need for an efficient intelligent optimization algorithm to
achieve production scheduling and optimization in cloud computing environments [5-7].
Estimation of Distribution Algorithm (EDA) optimizes populations based on probability
distribution models, featuring high search efficiency and strong global optimization ability, and
it is suitable for multi-objective optimization problems. In practical production, scheduling is
affected by uncertainties such as equipment failures and supply chain fluctuations. A single
EDA algorithm cannot adapt well to dynamically changing scheduling resources. Deep
Reinforcement Learning (DRL) combines reinforcement learning and deep learning for value
estimation and policy optimization, enabling long-term multi-objective optimization [8, 9].
EDA achieves global search through population iteration, while DRL updates strategies in
real time using deep neural networks. Zhao et al. proposed an EDA-based hyper-heuristic for
hybrid non-idle machine scheduling, using EDA for global search and dynamic strategy
adjustment [10]. Aung et al. proposed a DRL-based spectrum allocation method for vehicular
networks, incorporating an attention mechanism for real-time joint allocation [11]. Production
scheduling in cloud-based networked manufacturing is a multi-objective, multi-constraint
problem. Du et al. proposed a biogeography-based optimization model for prefabricated
component scheduling, using linear weighted transformation and lean construction to reduce
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costs [12]. Yagmur and Kesen proposed a bi-objective mixed-integer programming method
with Pareto local search, reducing task scheduling delays to 20.75 % [13].

In summary, existing studies have made certain progress in production scheduling, but they
still face limitations of low efficiency and poor real-time performance in cloud-based networked
manufacturing environments. Therefore, this study integrates EDA and DRL to propose a
production scheduling optimization model, achieving real-time scheduling optimization in
cloud-based networked manufacturing. The innovation of this study lies not in the simple
combination of algorithms, but in proposing a three-layer progressive optimization architecture
to address the core problem of difficult coordination between global probability modelling and
local policy updates in cloud manufacturing scheduling. Specifically, the probability
distribution model of EDA is first combined with the archive mechanism (AM) to form a global
search strategy with memory capability, which solves the problem of traditional EDA losing
high-quality solutions in multi constraint scheduling. Then, a complete mapping method was
constructed from scheduling schemes to classification evaluations, enabling quantitative
verification of scheduling optimization problems that could not be directly supervised using
classification indicators. This transformation method provides a new technical path for
evaluating scheduling algorithms. Finally, the long-term reward optimization of DRL is time
coordinated with the local neighbourhood search of TS, where DRL is responsible for macro
decisions at the policy level and TS is responsible for fine adjustments at the solution space
level, forming a closed-loop optimization under the guidance of the reward function.

2. PRODUCTION SCHEDULING OPTIMIZATION MODEL IN CLOUD-
BASED NETWORKED MANUFACTURING

2.1 Production scheduling model construction based on EDA

The cloud-based networked manufacturing environment features a large task volume and
diverse constraints. Traditional scheduling methods face limitations such as low efficiency and
insufficient multi-objective optimization capability. EDA is a population-based optimization
algorithm based on probability models. It updates the population iteratively and adapts to multi-
objective optimization problems [14]. Therefore, this study proposes a production scheduling
model based on EDA to optimize production scheduling in cloud-based networked
manufacturing. In practical production, the objective function is constructed by combining
production cost, time, and quality [15]. The objective function is shown in Eq. (1).

min f, (x) = Z Z Cyx; (1) + Z DR, Z qu dCyx; (£)x,(¢,)
min £, (x) = (1, +T,)x, (2,) (M)
min £,(x) = Y3 0,%,(1,)

i=0 j=1

In Eq. (1), min fi(x), min f2(x), and min f3(x) represent the objective functions of production
cost, time, and quality, respectively; n represents the number of subtasks, m; represents the
number of manufacturing enterprises, C; represents production cost, x;(#;) represents the
decision variable at time #;, R, represents task sequence constraint variables, dCj; represents
transportation cost between manufacturing enterprises j and &, Tj; represents production time,
and Q;; represents production quality. Then, the production scheduling plan is constrained by
task selection, resources, and sequence restrictions to comply with the actual cloud-based
networked manufacturing resource allocation. The constraints are shown in Eq. (2).
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In Eq.(2), s.t ZZX;«,(Q) represents task selection constraints, d, represents total
j=1 =0

production time, S7,; and ST represent start time and end time, d; represents the end time of
subtask i, and 7, represents the start time of subtask g. By combining the objective function and
constraints, production efficiency under different scheduling schemes can be evaluated. The
structure of the production scheduling network in the cloud environment is shown in Fig. 1.
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Figure 1: Production scheduling network structure in cloud computing environment (Icon source:
www.iconfinder.com).

As shown in Fig. 1, the network consists of three main modules: production, scheduling
decision, and cloud resource computing. Different production subtasks are distinguished to
generate corresponding enterprise matching schemes. The scheduling decision module
constructs the objective function and introduces production constraints for scheduling
optimization. Finally, cloud computing resources integrate the scheduling scheme and transmit
it to the production module to realize optimized scheduling. Since production scheduling is
affected by dynamically changing manufacturing resources, strategy optimization is required.
EDA generates feasible solutions with spatial distribution through probability models and
evaluates correlations among multiple variables. Therefore, EDA is applied to optimize
production scheduling. The probability model of feasible solution distribution is defined in Eq.

3).

PMC (1,1) - PMS (1,n)
PM,, = ' . i 3)
PMS (n,1) -+ PM¢S (n,n)

In Eq. (3), PM ¢, represents the probability matrix of feasible solutions, and the elements

nxn

PME (i, j) of the matrix indicate the importance of production tasks. Then, the elements of the

probability matrix are optimized based on networked manufacturing resources. The calculation
method is shown in Eq. (4).

spsize
DI )); i g 4)

PME (i, j) = (1= ) PMC, (i, j) + ——
i-spsize 1o

nxn nxn
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In Eq. (4), PM (i, j) represents probability distribution features, y represents learning rate,
spsize represents the number of feasible solutions, and 7, (i, /) represents the indicator function
corresponding to the k™ feasible solution. The indicator function is defined in Eq. (5).

17 (G, ) ={

By solving the probability matrix of feasible solution distribution, complex production
scheduling problems can be optimized. The proposed EDA uses probability models for global
search, featuring high efficiency and strong global optimization ability. The specific process of
optimizing production scheduling problems using this algorithm is as follows: first, randomly
generate several feasible scheduling schemes to form an initial population. Then, it selects high-
quality individuals based on fitness evaluation of the objective function and updates the
population using the probability distribution model. Finally, production operation time is
calculated, and the final production scheduling scheme is output. Although EDA has high
global search efficiency, it has limitations such as poor continuity and unstable convergence in
multi-objective scheduling. Archive Mechanism (AM) uses an external archive with memory
strategy to avoid local optima. Therefore, this study combines EDA and AM to propose a
production scheduling model called EDA-AM. During EDA selection of high-quality
individuals, AM applies a crowding degree judgment mechanism to maintain diversity among
multiple non-dominated solutions. The calculation of individual fitness is shown in Eq. (6).

1, if subtask i appears before or in enterprise j

)

0, otherwise

N,
,ut :Lza)ixﬁxi ed (6)

p i=l
In Eq. (6), £/ represents individual fitness, N, represents the number of optimal individuals,
w; represents the weight coefficient, x; represents the randomly embedded vector of the
probability distribution, and A’ represents the archive. By combining the global memory
strategy of the archive, historical best individuals are prevented from being overwritten,
achieving multi-objective optimization. The proposed EDA-AM algorithm combines the
advantages of probability distribution and external archive, providing better robustness and
convergence in production scheduling. The process of optimizing production scheduling using
EDA-AM algorithm is as follows: first, preprocess the production data, construct the initial
population and elite archive, and evaluate the initial population through local search. Then,
EDA constructs the probability model, selects high-quality individuals, and applies AM for
fitness calculation to generate multiple non-dominated solutions. Finally, non-dominated
solutions are ranked, the elite archive is updated, and iteration is performed considering cost
and time conditions. The final production scheduling scheme is output, achieving optimized

production scheduling in cloud-based networked manufacturing environments.

2.2 Improvement of production scheduling model using DRL

Although EDA-AM achieves global search optimization for production scheduling, it has
limitations in long-term optimization, including low efficiency and poor adaptability. DRL
updates strategies in real time based on environmental feedback and effectively improves
adaptability to dynamically changing resources [16]. Therefore, DRL is applied to further
optimize the scheduling strategies output by EDA-AM, enhancing the stability of production
scheduling optimization. For complex production data, DRL constructs the state transition
function and reward function based on spatial distribution [17]. The state transition function is
calculated as shown in Eq. (7).

P(s’

s,a)=Pr(s,,, = s'|s, =s,a,=a) (7)
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In Eq. (7), P(.) represents the state transition function, s” represents the action state at the
next time step, s; and a, represent the action state at the current time step, and Pr(.) represents
the probability function. Then, immediate rewards are calculated for different actions under
various states to construct the reward function, which evaluates the optimization effect of
production scheduling. The reward function is shown in Eq. (8).

R(s,a) :E[rl |st =s, a, =a] )

In Eq. (8), R(.) represents the reward function, 7; represents the immediate reward at the
current time, and E(.) is the mathematical expectation. By combining the state transition
function and reward function, the Bellman optimal equation is further constructed, as shown in

Eq. (9).
0(s,a) = R(s,a)+ yz P(s’

s'eS

s,a)maxQ(s’,a’) )

In Eq. (9), O(.) represents the Bellman optimal equation. By solving the action-state
transition function, long-term benefits of production scheduling optimization can be evaluated.
DRL applies the reward function for Markov decision-making, improving convergence
performance and long-term gains of strategy iteration. The process of optimizing production
scheduling using DRL algorithm is as follows. Firstly, the production scheduling problem is
transformed into a Markov decision process, and corresponding system state vectors and
selection actions are constructed. Then, it executes actions using the state transition function
and reward function, interacting with the environment for sample feedback. Finally, network
parameters are updated through the Bellman optimal equation, strategies are adjusted in real
time, and the final optimized production scheduling result is output. To further improve local
search precision and convergence stability of DRL, Tabu Search (TS) is introduced for local
neighbourhood optimization. TS uses memory-guided tabu updates and adjusts the solution
space based on time windows. The calculation method of the time window is shown in Eq. (10).

EST, =max{T, 4}

i(j-1y° % (10)

_ ki k

LFT,=d,~) ' 1

In Eq. (10), EST;; and LFTj represent the earliest start time and latest completion time of

subtask i for manufacturing enterprise j, Ti.1) represents the completion time of the previous

enterprise, 4 represents available time, d; represents remaining slack time, and 7, represents

production time. Then, neighbourhood search is performed using the tabu list, and the search

space 1s adaptively adjusted according to the tabu relaxation length [ 18]. The calculation of tabu
relaxation length is shown in Eq. (11).

TL=TL

‘base

N
(1+ ;v:)nt) (11)

In Eq. (11), 7L represents the tabu relaxation length, TLsse represents the basic tabu length,
Nevent represents the number of recent production events, and 7 represents the time window size.
By optimizing scheduling with the tabu relaxation length, disturbances caused by dynamically
changing resources are effectively reduced. TS leverages the forgiveness criterion and memory
mechanism to improve convergence stability for multi-constraint production scheduling. The
process of local optimization of production scheduling using TS algorithm is as follows. Firstly,
initialize the population based on production data, calculate individual fitness, and calculate
crowding distance using distance metrics. Then, neighbourhood solutions are generated through
TS, the time window is adjusted using the forgiveness criterion, and local refinement is
performed using the tabu relaxation length. Finally, non-dominated solutions are ranked,
strategies are updated in real time, and the optimal scheduling solution set is output. TS
enhances solution precision and feasibility through local search. For production scheduling,

492



Wan, Li: Distribution Estimation Algorithm for Cloud Manufacturing Scheduling Optimization

DRL and TS combine global decision strategies and local refinement. Production scheduling
cost is incorporated into the corresponding objective function, as shown in Eq. (12).
minAS = z (w1 AM; +w, AP)

g
Qj Q)

(12)

In Eq. (12), min AS represents the objective function of minimum cost, O; represents
production operations, Q represents the set of production operations, wi and w» represent weight
coefficients, AM;; represents the number of machine changes, and AP;; represents the number
of operation sequence adjustments. By coordinating DRL and TS, the generalization of EDA-
AM output strategies is improved. The core task of production scheduling optimization is to
generate the optimal scheduling scheme that satisfies multiple constraint conditions, and the
quality of the scheduling scheme can be evaluated by classifying and identifying production
task samples. Specifically, by transforming decision variables such as task priority and device
allocation in scheduling problems into classification features and evaluating the model's ability
to distinguish production sample categories (such as normal scheduling and delayed
scheduling), the effectiveness of scheduling strategies can be reflected. Therefore, based on
scheduling optimization, this study introduces classification evaluation indicators as auxiliary
verification methods to comprehensively measure the identification ability of the proposed
model for production status. Thus, an improved production scheduling model named EDA-
DRL is proposed, which integrates EDA-AM, DRL, and TS. Therefore, this study integrates
EDA-AM, DRL, and TS to propose an improved production scheduling model named EDA-
DRL. The workflow of EDA-DRL for production scheduling optimization is shown in Fig. 2.
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Figure 2: EDA-DRL production scheduling optimization process (Icon source: www.iconfinder.com).

As shown in Fig. 2, the model first collects production data and constructs the objective
function based on time and cost. EDA generates the initial scheduling population, builds a
probability model from high-quality individuals, and uses AM to form an elite archive. DRL
then constructs state transition and reward functions, updates strategies via the Bellman
equation, and applies experience replay to enhance long-term gains. Finally, TS performs local
optimization and outputs the optimal scheduling set. The learning task is to classify whether a
scheduling scheme is efficient. Each sample includes subtask assignments to manufacturing
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enterprises, with features such as expected production time, time windows, order constraints,
and matching relationships. Efficient scheduling minimizes production time and cost while
satisfying all constraints; non-efficient scheduling violates at least one constraint or is
significantly worse than the Pareto front. This classification capability provides a reward signal
to guide EDA-AM and DRL toward better scheduling schemes.

3. PERFORMANCE EVALUATION AND APPLICATION OF THE
PRODUCTION SCHEDULING MODEL

3.1 Performance validation of the EDA-DRL model

To verify the superiority of the EDA-DRL model in production data processing, it was
compared and simulated with the Improved Genetic Simulated Annealing Algorithm (IGASA)
model and the Differential Evolution Particle Swarm Optimization (DE-PSO) model. The
simulation process first builds production scheduling task samples based on the Taillard dataset,
and all experiments are completed in a unified hardware environment. The specific
configuration is AMD Ryzen 7 5800X CPU and NVIDIA A100 40 GB GPU, and the operating
system is Ubuntu 22.04 LTS. In the simulation, the learning rate of the EDA-DRL model is
fixed at 0.004, and the discount factor is set to 0.99. The simulation process includes the
following steps: first, transform the production scheduling problem into a Markov decision
process, define the state vector and action selection space; Subsequently, the model interacts
with the environment through state transition functions and reward functions to collect sample
feedback. Finally, based on the Bellman optimal equation, the network parameters are updated
to achieve real-time adjustment of the strategy. In each iteration, the model outputs a scheduling
scheme and calculates the corresponding prediction accuracy and loss value to evaluate the
performance of different models in production data sample classification prediction tasks. The
results are shown in Fig. 3.
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Figure 3: Comparison of prediction accuracy and loss function value results.

As shown in Fig. 3 a, the accuracy curve of the EDA-DRL model stabilized after 50
iterations. The stabilized sample prediction accuracy reached 95.11 %, significantly higher than
89.72 % for IGASA and 86.15 % for DE-PSO. Fig. 3b shows that the EDA-DRL model
required 42 iterations to reach a stable loss value, which was fewer than the comparison models.
The final loss value for sample prediction was 2.92, which decreased by 0.52 and 1.13
compared with IGASA and DE-PSO, respectively, confirming the superior sample prediction
performance of the proposed model. To further verify sample classification performance,
precision, recall, F1 score, and AUC were used for comparative evaluation. The results are
shown in Table L.
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Table I: Comparison of test results of multiple comprehensive indicators.

Dataset Model Precision (%) Recall (%) F1 score AUC
IGASA 91.25 90.55 0.9090 0.8519

Training DE-PSO 88.37 87.16 0.8776 0.7682
EDA-DRL 94.69 94.08 0.9438 0.8918

IGASA 89.37 88.95 0.8916 0.8342

Validation | DE-PSO 85.18 84.80 0.8499 0.7493
EDA-DRL 92.74 92.04 0.9239 0.8810

Table I shows that the EDA-DRL model achieved 92.74 % precision and 92.04 % recall on
the validation set, improving by 3.37 % and 3.09 % compared with the maximum values of the
comparison models. The F'1 score of the EDA-DRL model was 0.9239, higher than 0.8916 for
IGASA and 0.8499 for DE-PSO. The AUC of the EDA-DRL model was 0.8810, confirming its
superior sample classification performance. To evaluate computational performance during
production data preprocessing, EDA-DRL was compared with IGASA and DE-PSO in terms
of computation cost and time. The results are shown in Fig. 4.
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Figure 4: Comparison of test results for calculation cost and time.

Fig. 4 a shows that the computational load of the EDA-DRL model was 664.8 FLOPs, which
decreased by 842.2 FLOPs and 286.6 FLOPs compared with IGASA and DE-PSO, respectively.
The parameter size was 90.54 M, significantly lower than the comparison models, indicating
lightweight data processing capability. Fig. 4 b shows that the computation time of IGASA and
DE-PSO increased with iteration, while the EDA-DRL model remained relatively stable within
300 iterations, with an average computation time of 0.45 ms, significantly lower than the
comparison models. The improved performance was attributed to the combination of AM and
DRL, which accelerated convergence and enhanced production data processing efficiency.

3.2 Practical application evaluation of production scheduling optimization

After verifying the performance of sample classification and data processing, the study further
evaluates the practical application effect of EDA-DRL model in production scheduling
optimization from three aspects: task completion rate, resource utilization efficiency, and long-
term scheduling cost. Among them, the scheduling instance parameters used in the experiment
were all based on the typical multi variety small batch production mode in the discrete
manufacturing industry. This mode is commonly used in aecrospace component processing and
precision mould manufacturing, characterized by frequent task switching, fierce competition
for equipment resources, and significant impact of scheduling schemes on production
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efficiency. Specifically, set up 5 sub tasks, and normalize the estimated processing time of each
task on five devices based on actual production data. Compare the completion time and task
delay rate of each model, as shown in Fig. 5.
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Figure 5: Comparison of completion time and task delay rate results.

Fig. 5a shows that all three models have shortened their completion time compared to
before optimization. Taking task 2 (milling drilling heat treatment composite process of a
certain type of structural component) as an example, the completion time of the EDA-DRL
model is 12.4 hours, which is 2.6 hours less than before optimization and lower than the 13.4
hours of IGASA and the 13.5 hours of DE-PSO. The significance of this improvement in
practical production is that for workshops that require two consecutive shifts of daily production
capacity, shortening the processing time by 1 hour can correspondingly increase the theoretical
production capacity margin by about 8 %. Fig. 5b shows that the EDA-DRL model has low
scheduling delay rates on all subtasks. On Task 2, the average latency rate was 4.39 %, which
was 0.16 % and 4.20 % lower than IGASA and DE-PSO, respectively. In industrial practice,
controlling the delay rate within 5% is often considered an important indicator of high
reliability scheduling, which means that delivery delays occur in no more than 5 out of 100
scheduling cycles. This has practical value for meeting just in time production requirements.
To evaluate resource utilization, actual running time of different equipment was compared. The
results are shown in Fig. 6.
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Figure 6: Availability and actual time of different production equipment.

Fig. 6 a shows that the EDA-DRL model had higher actual running time on all five devices,
indicating reduced idle time. Taking equipment 4 (five axis CNC machining centre) as an
example, its actual running time reaches 11.0 hours, an increase of 2.6 hours and 4.2 hours
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respectively compared to IGASA and DE-PSO. In actual production, this indicates that the
model can more effectively allocate machining tasks to key equipment, reducing their waiting
and idle time. Fig. 6 b shows that the maximum and minimum resource utilization rates of the
EDA-DRL model are 97.96 % and 84.21 %, respectively. Among them, 97.96 % of the peak
utilization rate is close to the theoretical limit (more than 95 % in actual production is
considered high load operation), while 84.21 % of the minimum utilization rate occurs in
equipment 2, which is difficult to achieve sustained high load due to process batch limitations.
The minimum utilization rates of IGASA and DE-PSO in the comparative model are 72.34 %
and 65.78 %, respectively, indicating that the EDA-DRL model also achieves more balanced
task allocation on non bottleneck devices. To further assess long-term benefits, scheduling time,
energy consumption, and cost were compared. The results are shown in Fig. 7.
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Figure 7: Comparison of scheduling time, energy consumption and cost results.

Fig. 7 a shows that the Pareto front of the EDA-DRL model was closer to the lower-left
corner, with average energy consumption and completion time of 96.26 kWh and 5.93 h,
respectively, both significantly lower than the comparison models, indicating lower energy
consumption in scheduling optimization. Based on the industrial electricity standard of 0.8
yuan/kWh, the energy consumption cost generated by a single batch scheduling of this model
is estimated to be about 77 yuan, which is about 15 % and 8 % lower than IGASA and DE-PSO,
respectively. In actual production, if calculated based on executing 20 scheduling batches per
day, the EDA-DRL model can save about 300 yuan in energy consumption costs per day, and
the annual cumulative cost can reach about 100000 yuan, which has significant economic
benefits for small and medium-sized manufacturing enterprises. Fig. 7b shows that the unit
scheduling cost of each model increases over time. On the 10™ day, the unit cost of the EDA-
DRL model was 225.8 yuan, which was 674.9 yuan and 252.1 yuan lower than that of [GASA
and DE-PSO, respectively. The difference in unit cost mainly comes from the optimization of
equipment idle time and task switching frequency in the scheduling scheme. The EDA-DRL
model reduces unnecessary equipment idle and switching time through more reasonable task
sorting, thereby reducing cumulative costs. In summary, the proposed EDA-DRL model
combined probability distribution models, reward mechanisms, and local search optimization
to effectively improve robustness and generalization, achieving efficient production scheduling
in cloud-based networked manufacturing environments.

4. CONCLUSION

To address high production scheduling costs and low efficiency in cloud-based networked
manufacturing, this study proposed a production scheduling model based on EDA. The model
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constructed a probability distribution using EDA and combined DRL and TS for global search
optimization, achieving adaptive scheduling optimization in complex production environments.
In the test experiments, the proposed model achieved 95.11 % accuracy in sample classification
prediction tasks, with precision and recall of 92.74 % and 92.04 %, respectively. In data
processing tasks, the computational load and parameter size were 664.8 FLOPs and 90.54 M,
both significantly better than the comparison models. In production scheduling simulations, the
model achieved a delay rate of 4.39 % for Task 2, a maximum resource utilization of 97.96 %,
and average energy consumption and completion time of 96.26 kWh and 5.93 h, respectively,
all significantly outperforming the comparison models. These results further confirmed the
superior scheduling performance of the proposed model. Overall, although the proposed model
demonstrated more stable and efficient scheduling optimization, the experiments did not
consider the actual service life of production equipment. Future studies can integrate production
resources to further enhance the model's generalization capability across different
manufacturing environments.
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