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Abstract. The Flexible Job Shop Scheduling Problem (FJSP) is a core challenge
in manufacturing optimization under dynamic disturbances and energy con-
straints. This paper proposes a hierarchical deep reinforcement learning method
for dynamic energy-efficient scheduling. The framework decomposes decisions
into two layers: the upper agent selects an efficiency-priority, energy-priority, or
balanced mode based on global workshop state; the lower agent performs job
sequencing and machine allocation guided by the selected mode. Deep Q-Net-
works (DQN) are employed with a phased training strategy. Experiments under
the high disturbance scenario show that the proposed method reduces makespan
by 12.3% and energy consumption by 9.6% compared to single-agent DQN, and
by 24.3% and 19.9% respectively compared to the SPT rule, verifying the effec-
tiveness of the hierarchical architecture.
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1 Introduction

Manufacturing production scheduling is crucial for both efficiency and energy con-
sumption. The Flexible Job Shop Scheduling Problem (FJSP), characterized by com-
plex machine allocation and operation sequencing, has become a core challenge!'l. With
the deepening of green manufacturing concepts, energy-saving objectives have been
integrated into scheduling optimization, forming Energy-Efficient FISP (EEFJSP)2!,
In real-world production, dynamic disturbances such as urgent order insertions and ma-
chine breakdowns occur frequently, rendering pre-established schedules ineffective and
exacerbating energy wastel*. Dynamic disturbances not only disrupt the predefined
production timetable but also introduce additional energy penalties that are often over-
looked in static models. For example, machine breakdowns force unfinished operations
to wait or restart, prolonging idle periods with non-negligible standby power consump-
tion. Likewise, urgent order insertions cause frequent setup changes and rerouting,
which increase non-processing energy usage such as material handling and tool adjust-
ments. Empirical evidence from real-world workshops indicates that total energy con-
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sumption under static schedules can exceed that of adaptive reactive policies by 20—
30% in highly volatile environments. However, conventional mathematical program-
ming and heuristic rules lack the computational agility to re-optimize in real time, while
simple dispatching rules are myopic and incapable of balancing global makespan and
energy trade-offs. Therefore, an intelligent approach that perceives disturbances online
and adjusts scheduling decisions adaptively is urgently needed.

Traditional methods based on mathematical programming or heuristic rules struggle
to respond to these dynamic changes in real-time. Deep Reinforcement Learning
(DRL) has shown great potential in dynamic scheduling due to its ability to learn adap-
tive policies through interaction™.However, single-agent DRL couples macro-level
task allocation with micro-level energy control within the same network, leading to
action space explosion and training difficulties®!. Hierarchical deep reinforcement
learning, which decomposes decisions across different agent levels, offers a new ap-
proach to decoupling complex scheduling decisions!’). However, few existing DRL-
based approaches explicitly address the coupled dynamics of machine breakdowns and
energy-aware dispatching under time-varying shop-floor states, let alone achieve inter-
pretable mode switching. This motivates us to design a two-agent hierarchy that sepa-
rates strategic prioritization from operational execution, enabling both adaptive re-
sponse and transparent decision logic.Therefore, this paper proposes a hierarchical
DRL framework to achieve collaborative optimization of production efficiency and en-
ergy consumption.

2 Problem Description and Modeling

2.1  Problem Description

Consider a flexible job shop with n jobs and m machines. Each job consists of several
operations with precedence constraints. Each operation can be processed on multiple
alternative machines with different processing times and energy rates. Two types of
dynamic disturbances occur randomly: urgent order insertion and machine breakdown.
The objective is to minimize makespan C,,,, and total energy consumption E,,;.

2.2 Mathematical Model

Define the following symbols:
Jij the i-thjob,i =1, .., n;
0;;: the j-th operation of job i;
M,: the k-th machine, k =1, ..., m;
Dijk: processing time of 0;; on My;
e;jx: energy consumption rate of 0;; on M, during processing;
eidle: idle energy consumption rate of My;
tiar, tfd: start and end times;
Xijx € 0,1: 1if 0;; is assigned to M.
Constraints:
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2k Xiji = 1(each operation assigned to one machine);
4k <t (operation precedence);

A machine processes only one operation at a time;

Schedules adjust in real-time upon dynamic events.

Optimization objectives:

min Cp,, = HlléJlX tl-e]‘-ld

. _ idle
min Eyy, = Z Z €ijkPijr + f e dt
idle

k processing !

Energy consumption includes both processing power and idle power. Processing
power is calculated as energy rate multiplied by processing time; idle power accounts
for standby periods between operations, which are particularly significant under dy-
namic disturbances.

2.3 Markov Decision Process Formulation

The scheduling problem is modeled as an MDP:

State s;:machine statuses, pending operations, dynamic event flags.

Action a,:divided into upper-level (strategy mode) and lower-level (operation selec-
tion + machine allocation).

Reward r;:lower agent receives 7y, per completed operation; upper agent receives
weighted negative reward at each decision cycle based on average makespan and en-
ergy.

3 Hierarchical Deep Reinforcement Learning Method

3.1 Hierarchical Decision Framework

A two-layer agent architecture is designed. The upper agent perceives global workshop
state and outputs one of three discrete strategy modes at fixed intervals: Efficiency Pri-
ority (17), Energy Priority (¢), or Balanced Mode (f). The lower agent receives the cur-
rent mode and performs operation selection and machine allocation.

3.2  Upper-Level Agent Design

State Space: backlogged orders, average due date urgency, average machine load, ur-
gent order flag, breakdown flag, current strategy duration.

Action Space: {n’ & 8}.

Decision Cycle:every N completed jobs.

Reward Function:
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Rupper =—(a- Cmax +B- Etotal)

where a, § are weight coefficients. The negative sign encourages maximizing per-
formance.

3.3 Lower-Level Agent Design

The lower-level agent employs a two-step mechanism:

Operation Selection:selects one operation from pending operations based on priority
scores.

Machine Allocation:assigns a machine to the selected operation based on scores con-
sidering processing time, energy, and current load.

State Space:current operation features, available machine statuses, and the upper-
level strategy mode.

Action Space:priority scores for operations; allocation scores for machines.

Reward Function:

Tower = Tstep — A+ (Eexcess)
where A is a penalty coefficient, and E,.s represents energy exceeding a baseline
threshold.
3.4 DQN-based Algorithm Implementation

Deep Q-Networks (DQN) train the upper and lower agents separately. The upper net-
work takes global state and outputs Q-values for each mode. The lower network shares
feature extraction before branching to operation and machine outputs:

L) = E(s,a,r,s')~D

2
<r +ymaxQ(s',a’;67) — Q(s,a; 6)) l

where y = 0.95, replay buffer capacity 105, target network updates every 500 steps,
and e-greedy exploration decays from 1.0 to 0.1.

A phased training strategy mitigates non-stationarity:

Phase 1: Fix upper strategy to uniform distribution, train lower network.

Phase 2: Fix lower network, train upper network for optimal switching timing.

Phase 3: Joint fine-tuning with reduced learning rate.

4 Experimental Design and Result Analysis

4.1 Simulation Environment Construction

A virtual flexible job shop is built using discrete event simulation (e.g., FlexSim) with
5 processes, each equipped with 3-5 machines. Processing times and energy rates are
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based on literature. Dynamic events: urgent orders arrive with probability p,.,; ma-
chine breakdowns occur with probability pg,;;, with repair times uniformly distributed.

4.2  Comparison Methods and Parameter Settings

Comparison methods:

Dispatching Rules: SPT (Shortest Processing Time), EDD (Earliest Due Date);

Single-Agent DQN: no hierarchy, outputs joint actions;

Fixed-Weight Lower Agent: lower uses fixed weights (¢ = § = 0.5), upper inac-
tive.

Training parameters: y = 0.95, learning rate 10~3, replay buffer 10°, batch size
64, € decay from 1.0 to 0.1 over 5 X 10* steps.

4.3  Experimental Results Analysis

Three disturbance scenarios are tested: no disturbance, low (p,e,y = 0.05, pr; = 0.02),
and high (ppew = 0.15, pry; = 0.05). Each scenario runs 20 independent trials.
Convergence Analysis: The hierarchical method converges at approximately 2 X
10° steps with stable training, while single-agent DQN shows significant fluctuations,
indicating reduced learning difficulty.
Performance Comparison: Table 1 shows results under high disturbance. All values
are normalized using the hierarchical method as baseline.

Table 1. Performance comparison under high disturbance scenario.

Method Makespan Total Energy
SPT 1.52 1.41
EDD 1.48 1.38
Single-Agent DQN 1.31 1.25
Fixed-Weight Lower 1.28 1.19
Hierarchical Method 1.15 1.13

The hierarchical method reduces makespan by 12.3% and energy by 9.8% compared
to single-agent DQN; compared to SPT, reductions are 24.3% and 19.9% respectively.
A Wilcoxon signed-rank test confirms statistical significance (p < 0.01).

Upper-Level Strategy Analysis: When breakdown rate is high, the upper agent se-
lects efficiency-priority mode; when backlog is low, energy-priority mode is preferred.
This demonstrates dynamic adaptability.

Sensitivity Analysis: Varying «, f weights shows the hierarchical method consist-
ently ranks among the top two, confirming robustness to weight selection.

5 Conclusion and Future Work

This paper proposes a hierarchical deep reinforcement learning method for dynamic
energy-efficient scheduling in flexible job shops. The two-layer framework decouples
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macro-level strategy selection from micro-level execution, effectively addressing the
coupling between task allocation and energy control. Simulation experiments demon-
strate that the method outperforms traditional dispatching rules and single-agent DQN
in both makespan and total energy consumption across multiple disturbance scenarios.
Statistical analysis confirms the significance of improvements. The proposed phased
training strategy proves effective in stabilizing the learning process, and the upper
agent’s adaptive mode switching demonstrates interpretable behavior aligned with op-
erational conditions.

Future work will extend this approach in several directions. First, we will incorporate
additional disturbance types, such as tool wear, order cancellations, and quality defects,
to test the robustness of the hierarchical framework. Second, we plan to investigate
graph neural networks to capture inter-operation precedence and machine compatibility
as graph-structured features, which may improve state representation and generaliza-
tion across different job sizes. Third, multi-agent reinforcement learning with commu-
nication among machines could be explored to further decentralize decision-making.
Fourth, we aim to apply transfer learning to reduce retraining time when migrating the
policy to new shop configurations. Finally, real-world data from a printed circuit board
assembly line will be used to validate the method in a physical setting, addressing the
gap between simulation and practice. We also acknowledge that the current reward de-
sign relies on hand-tuned weights; adaptive weight adjustment based on real-time en-
ergy prices or carbon intensity would be a valuable enhancement.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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