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ABSTRACT

Driven by the dual momentum of the circular economy and digital transformation, reverse logistics serves
as a critical nexus for resource regeneration while facing volatile recycling volumes, fragmented collection
networks, and the intricate sorting constraints inherent to fiber recovery. With the growing demand
for intelligent information interaction and data transmission in modern industrial systems, including
electromagnetic-enabled sensing and communication infrastructures, traditional static scheduling modes
are increasingly unable to adapt to dynamic operational environments. Deep reinforcement learning (DRL)
provides an effective technological pathway for dynamic scheduling of reverse logistics networks through
its strong capability for adaptive decision-making and environment-aware optimization. Centering on the
integrated framework of simulation modeling, algorithm optimization, dynamic scheduling, and empirical
verification, this study employs deep reinforcement learning to optimize the dynamic scheduling of
reverse logistics networks, specifically addressing the nonlinear characteristics of fiber feedstock recovery
and multi-grade material flows. The proposed approach enhances scheduling adaptability and resource
coordination efficiency while offering a practical reference for intelligent logistics management and

information-driven optimization in advanced industrial communication environments.
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I. INTRODUCTION
A. RESEARCH BACKGROUND

EVERSE logistics facilitates the comprehensive trans-

formation of discarded waste through a systematic
pipeline of collection, fiber sorting, chemical or mechanical
regeneration, and sustainable disposal. By integrating these
recovery phases, the process ensures that waste is effectively
diverted from landfills and re -channeled into high-value
manufacturing loops [1]. It is a key path to achieve resource
recycling, reduce environmental pressure, and improve en-
terprise economic efficiency. With the deepening implemen-
tation of the "14th Five Year Plan" for the development
of circular economy, the scale of China’s reverse logistics
market continues to expand. By 2023, the market size will
exceed 1.8 trillion yuan, with particularly prominent demand
for reverse logistics in areas such as household appliances,
automobiles, and electronic waste [2-4]. However, reverse
logistics networks have significant dynamic and uncertain
characteristics, which pose huge challenges to scheduling
decisions:
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B. RESEARCH OBJECTIVES AND INNOVATION POINTS
The innovation of this article is mainly reflected in the
following three aspects:

1. Build a reverse logistics network simulation model
with "multi factor coupling+multi-agent collaboration”, in-
tegrating 8 dynamic influencing factors such as fluctuations
in recycling volume, changes in transportation costs, node
capacity constraints, and equipment failures, to achieve
high-precision simulation of the real reverse logistics en-
vironment.

2. Propose an improved deep reinforcement learning
algorithm (Attention DQN-PER) that integrates attention
mechanism, dual Q-network, and priority experience replay
technology to enhance the feature extraction ability and
decision stability of high-dimensional state space, and solve
the problem of insufficient dynamic response in traditional
algorithms.

3. This research establishes a comprehensive technical tra-
jectory of "simulation, algorithm training, dynamic schedul-
ing, and empirical verification" to transition waste reverse
logistics from static planning toward a dynamically adap-
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tive framework capable of synchronizing fluctuating fiber
recovery streams with real-time processing demands. By
bridging the gap between simulation and optimization, this
path effectively addresses the stochastic nature of material
flows to ensure continuous, intelligent network alignment.

Il. THEORETICAL AND TECHNICAL FOUNDATIONS

A. REVERSE LOGISTICS NETWORK ARCHITECTURE
AND SCHEDULING OBJECTIVES

1) Reverse Logistics Network Architecture

Recycling points: responsible for product recycling, prelim-
inary testing, and temporary storage, including community
recycling points, e-commerce recycling sites, enterprise self
operated recycling points, etc; Sorting Center: Classify,
dismantle, and inspect recycled products, and transport re-
manufacturable products, recyclable components, and waste
materials to corresponding nodes; Remanufacturing fac-
tory: repairing and processing remanufacturable products
and components, generating remanufactured products and
putting them back into the market; Waste disposal center:
Environmentally friendly treatment of materials with no
reuse value to reduce environmental pollution. The logistics
flow in the network includes: recycling point — sorting cen-
ter (transportation of recycled products), sorting center —
remanufacturing factory (transportation of remanufacturable
products/components), sorting center — waste disposal
center (transportation of waste materials), remanufacturing
factory — market (distribution of remanufactured products).

2) Dynamic Scheduling Objectives

The core goal of dynamic scheduling in reverse logistics
networks is to achieve multi-objective collaborative opti-
mization in a dynamic environment, including:

Cost minimization: covering total operating costs such
as transportation costs, warehousing costs, sorting costs,
remanufacturing costs, and waste disposal costs;

Fastest response speed: Shorten the transportation time
and order processing time of recycled products from the
recycling point to the target node, and improve customer
satisfaction;

Maximizing resource utilization: improving the utiliza-
tion of transportation vehicles, node storage capacity, and
equipment processing capacity to avoid idle resources;

The strongest network robustness: enhances the adapt-
ability of the network to unexpected situations such as
fluctuations in recycling volume, transportation congestion,
and equipment failures, ensuring the stability of scheduling
schemes [5-7].

B. DEEP REINFORCEMENT LEARNING RELATED
TECHNOLOGIES

1) Basic Framework of Reinforcement Learning
Reinforcement learning is a machine learning method in
which intelligent agents interact with the environment and
learn optimal decision strategies based on reward signals.
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The core elements include: Agent: The main body that
executes scheduling decisions, such as transportation vehicle
scheduling agents and node resource allocation agents;
Environment: The dynamic scenario in which the intelligent
agent operates, namely the reverse logistics network system,
which includes various dynamic influencing factors; State:
Description of the current characteristics of the environment,
such as inventory levels at recycling points, congestion on
transportation routes, and node capacity occupancy rates;
Action: The decision-making behavior of an intelligent
agent, such as transportation path selection, vehicle al-
location plan, and node resource scheduling instructions;
Reward: The feedback signal of the environment on the
actions of the intelligent agent, and a reward function is
designed based on the scheduling objectives; Policy: The
mapping relationship between the state and action of an
intelligent agent, which is the scheduling decision rule. The
core goal of reinforcement learning is to find the optimal
strategy 7 * through interactive learning to maximize long-
term cumulative rewards [8-10].

Deep Q-Network (DQN) Q-value function: represents the
long-term cumulative reward in the future after executing
action a in state s, i.e. Q (s, a);

Target Network and Evaluation Network: Adopting a dual
network structure, the evaluation network updates parame-
ters in real-time, and the target network periodically copies
parameters from the evaluation network to reduce training
fluctuations;

Experience Replay: Store the experience (s, a, r, s°)
generated by the interaction between the agent and the en-
vironment in an experience pool, randomly sample samples
during training, break experience correlation, and improve
training stability [11].

C. SIMULATION TECHNOLOGY

1) Selection of Simulation Tools

The core advantages of using AnyLogic as a reverse logistics
network simulation tool include:

Multi method modeling support: supports multiple mod-
eling methods such as discrete event simulation, intelligent
agent simulation, system dynamics simulation, etc., adapting
to the multidimensional characteristics of reverse logistics
networks; Excellent visualization effect: providing rich visu-
alization components, supporting real-time visualization dis-
play of network topology, logistics flow, and resource status;
Strong dynamic interaction capability: supports real-time
interaction with external algorithms (such as deep reinforce-
ment learning algorithms implemented in Python), achieving
closed-loop linkage between simulation environment and
optimization algorithms; Strong scalability: supports custom
module development and parameter adjustment, adapts to
different scenarios of reverse logistics network simulation
requirements [12].
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2) Multi Agent Simulation Technology

Autonomy: the ability to make decisions independently
based on one’s own state and environmental information;
Interactivity: Intelligent agents collaborate through infor-
mation exchange, such as scheduling coordination between
transportation vehicle intelligent agents and sorting center
intelligent agents; Adaptability: Able to adjust decision-
making strategies based on environmental changes, such
as transportation vehicle intelligent agents adjusting driving
routes based on road conditions [13,14].

lll. CONSTRUCTION OF REVERSE LOGISTICS
NETWORK SIMULATION MODEL

A. SIMULATION MODEL CONSTRUCTION OBJECTIVES
AND PRINCIPLES

1) Building Objectives

Accurate simulation: Realistic restoration of the structure
and operation mechanism of the reverse logistics network,
accurately reflecting the impact of dynamic influencing fac-
tors on scheduling; Dynamic interaction: supports real-time
interaction with deep reinforcement learning algorithms,
providing a high-quality dynamic environment for algorithm
training; Configurability: Supports flexible adjustment of
network and environmental parameters, adapting to reverse
logistics networks of different industries and scales; Visual
analysis: Provides real-time visualization of network opera-
tion status and scheduling effects, facilitating result analysis
and solution optimization [15-17].

2) Construction Principles

Principle of Authenticity: Set model parameters based on
actual enterprise data and industry standards to ensure the
credibility of simulation results; Modular principle: Divide
the model into independent modules such as node modules,
transportation modules, environment modules, and interac-
tion modules to reduce coupling; Dynamic principle: fully
consider dynamic factors such as fluctuations in recycling
volume and changes in transportation costs, and avoid static
modeling; Practicality principle: Focus on the core needs
of the enterprise and ensure that the simulation model can
provide effective support for dynamic scheduling.

B. SIMULATION MODEL ARCHITECTURE DESIGN
Based on the AnyLogic platform, a four layer simulation
model architecture of "Node Transport Environment Inter-
action" is constructed, with the following functions for each
layer:

1) Node Module

The simulation model includes four core nodes: recycling
point, sorting center, remanufacturing factory, and waste dis-
posal center. The core components of each node model are
as follows: Recycling point model: includes inventory man-
agement component (simulating product temporary storage),
detection component (simulating preliminary detection), and
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order generation component (simulating recycling orders);
Remanufacturing factory model: includes processing equip-
ment components (simulating remanufacturing processes),
quality inspection components (simulating remanufactured
product testing), and inventory management components
(simulating finished product and component storage); Waste
disposal center model: includes processing equipment com-
ponents (simulating environmental treatment processes) and
waste storage components (simulating temporary storage of
materials to be processed) [18,19].

2) Transportation Module

Simulating the transportation process in a reverse logistics
network, the core components include: Transport vehicle
components: Define vehicle types (such as box trucks, re-
frigerated trucks), load capacity, speed, transportation costs,
and other parameters; Route network component: Construct
a transportation route network based on geographic infor-
mation, including attributes such as road length, speed limit,
and congestion probability; Scheduling control component:
receives scheduling instructions from deep reinforcement
learning algorithms, controls the departure time, route se-
lection, and loading plan of vehicles [20].

Dynamic cleaning scheduling mechanism for recycling
points: Inventory threshold triggering: When the inventory
of a single recycling point reaches 70% of the maximum
capacity (350 units), an emergency transportation task is au-
tomatically triggered; when it reaches 85% (425 units), the
highest priority expedited transportation is initiated to ensure
that inventory does not exceed the capacity limit; Emergency
vehicle reservation: 3 out of 15 transportation vehicles
are reserved as emergency reserve vehicles, specifically
responding to recycling point cleaning tasks. The emergency
vehicle response time <1 hour, and the single transportation
volume is 50 units; Cleaning frequency adaptation: Under
the average daily recycling volume of 1000 units, cleaning
is completed through "regular transportation (2 times/day)
+ emergency supplementary transportation (1-2 times/day)",
ensuring no overflow risk.

3) Environment Module

Simulate the dynamic environment of reverse logistics net-
work and integrate 8 core dynamic influencing factors.
The simulation methods for each factor are as follows:
Recycling fluctuation: Based on historical data, construct a
stochastic process model (such as Poisson process, Markov
process) to simulate the recycling fluctuation at different
time periods and recycling points; Changes in transportation
costs: dynamically update transportation cost parameters
based on factors such as fuel price fluctuations and road
toll adjustments; Transportation route congestion: Set con-
gestion probability based on traffic flow data, randomly
trigger route congestion events, and extend transportation
time; Node capacity constraint: Simulate the saturation state
of storage capacity and equipment processing capacity in
sorting centers and remanufacturing factories, triggering
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resource conflicts; Equipment failure: Set the probability
of equipment failure, randomly trigger sorting and process-
ing equipment failures, and pause related processes; Re-
manufacturing qualification rate: dynamically adjusting the
product qualification rate of the remanufacturing process,
which affects the remanufacturing capacity and cost; Market
demand changes: simulating market demand fluctuations for
remanufactured products, affecting production scheduling
in remanufacturing factories; Policy adjustment: Simulate
adjustments to environmental and tax policies, affecting the
cost of waste disposal and subsidies for remanufacturing
[21,22].

4) Interaction Module

Real time interaction between simulation models and deep
reinforcement learning algorithms, with core components
including: State perception component: Collect real-time
state data of the simulation environment (such as node
inventory, vehicle location, route status), and transmit it to
reinforcement learning algorithms; Action execution compo-
nent: Receive scheduling instructions (such as path selection
and vehicle allocation) output by reinforcement learning al-
gorithms and execute them in the simulation model; Reward
feedback component: Based on the scheduling results, cal-
culate the reward value and feed it back to the reinforcement
learning algorithm for model training [23].

C. SIMULATION MODEL PARAMETER SETTINGS

Based on the actual operational data and industry standards
of a reverse logistics enterprise for household appliances, the
core parameters of the simulation model are set as follows:

1) Network Structure Parameters

Number of nodes: 20 recycling points, 3 sorting centers,
2 remanufacturing factories, and 1 waste disposal center;
Geographical distribution: Based on the geographical map
of a certain province, set node coordinates, and evenly
distribute recycling points in each city’s jurisdiction. Sorting
centers, remanufacturing factories, and waste disposal cen-
ters are located at transportation hubs; Transportation routes:
Construct 28 core transportation routes, covering recycling
points to sorting centers (20 routes), sorting centers to
remanufacturing factories (4 routes), sorting centers to waste
disposal centers (2 routes), and remanufacturing factories to
markets (2 routes).

2) Node Parameters

Recycling point: The maximum storage capacity of a single
recycling point is 500 units, with a preliminary testing
efficiency of 20 units/hour and a testing cost of 50 yuan/unit;
Sorting Center: The maximum storage capacity of a single
sorting center is 5000 units, with 4 sorting equipment,
a sorting efficiency of 30 units/hour, and a sorting cost
of 150 yuan/unit; Remanufacturing factory: The maximum
storage capacity of a single factory is 10000 units, with 8
remanufacturing equipment and a processing efficiency of
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15 units/hour. The remanufacturing cost is 800 yuan/unit,
and the pass rate is 92%; Waste disposal center: maximum
processing capacity of 3000 units/day, processing efficiency
of 50 units/hour, processing cost of 300 yuan/unit [24-26].

3) Transportation Parameters

Vehicle type: 15 box trucks with a load capacity of 50
units per vehicle, traveling at a speed of 60km/h, basic
transportation cost of 2 yuan/km, and fuel price fluctuation
range of [6.5, 8.5] yuan/L; Route parameters: The length of
a single route is 5-150km, with a congestion probability of
15%. During congestion, transportation time is extended by
50% -100%; Transportation rules: Vehicle full load rate >
80%, transportation time window [8:00, 20:00].

4) Dynamic Environment Parameters

Recycling volume fluctuation: The average recycling vol-
ume is 1000 units/day, with a fluctuation range of 4+ 30%
and seasonal fluctuation coefficients of [0.7, 1.3]; Equip-
ment failure probability: sorting equipment failure probabil-
ity 3%/day, remanufacturing equipment failure probability
2%/day, fault repair time 2-4 hours;

Mathematical verification of capacity-recycling adapta-
tion: Single recycling point average daily recycling volume:
1000 units + 20 recycling points = 50 units/day; Extreme
peak recycling volume: 50 units x (1+30%) = 65 units/day;
Maximum daily transportation capacity of single recycling
point: 3 times/day x 50 units/time = 150 units/day (far
exceeding peak demand); Inventory backlog probability:
Calculated by queuing theory model, the backlog probability
<0.02, indicating no overflow risk. Policy adjustment: The
adjustment range for waste disposal costs is == 10%, and the
adjustment range for remanufacturing subsidies is [100,300]
yuan/unit [27].

IV. DESIGN OF IMPROVED DEEP REINFORCEMENT
LEARNING ALGORITHM

A. OVERALL ALGORITHM DESIGN CONCEPT

Design an improved deep reinforcement learning algorithm
(Attention DQN-PER) for the high-dimensional, dynamic,
and multi constraint features of dynamic scheduling in
reverse logistics networks. The overall design concept is as
follows:

1. State space construction: Integrate multi-dimensional
features such as node status, vehicle status, route status, and
environmental status to construct a high-dimensional state
space;

2. Action space design: Design a discretized action space
based on scheduling objectives, covering core actions such
as path selection, vehicle allocation, and resource schedul-
ing;

3. Reward function construction: Adopting a multi-
objective weighted reward function, integrating evaluation
indicators such as cost, response time, resource utiliza-
tion, and robustness; Weight determination: Comprehensive
weights are determined by combining Analytic Hierarchy
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Process (AHP) and entropy weight method. The consis-
tency test result CR=0.072<0.1, meeting the consistency
requirement; Collinearity handling: The variance inflation
factor (VIF) test shows that the VIF of cost and time is 5.8
(mild collinearity). The "feature projection decomposition”
method is used to project the two into an orthogonal
space, separating collinear components and independent
components. The independent components are included in
respectively, and the collinear components are constructed
as a "cost-time synergy factor" to integrate into the reward
function, avoiding optimization bias caused by collinearity.

4. Network structure optimization: Introducing attention
mechanism to enhance the ability of state feature extraction,
using dual Q network and priority experience replay to
improve training stability and efficiency;

5. Training process design: Conduct algorithm training
in stages, combining offline training and online fine-tuning
with simulation environment to ensure algorithm adaptation
to dynamic environment [27-29].

B. STATE SPACE AND ACTION SPACE DESIGN

1) State Space

The state space S contains 7 types of core features, totaling
128 dimensions, as follows:

Node status (32 dimensions): inventory level, capacity
occupancy rate, equipment operating status, and pending
order quantity of each node;

Vehicle status (40 dimensions): position, load capacity,
remaining fuel, and transportation task status of each trans-
port vehicle;

Route status (28 dimensions): congestion status, trans-
portation time, and transportation cost of each transportation
route;

Recycling status (8 dimensions): real-time recycling vol-
ume, predicted recycling volume, and inventory backlog
level of each recycling point;

Remanufacturing status (8 dimensions): production
progress, finished product inventory, and pass rate of the
remanufacturing factory;

Environmental status (8 dimensions): fuel prices, policy
adjustment factors, equipment failure status, market demand
index;

Historical scheduling status (4-dimensional): scheduling
costs, response time, resource utilization, and reward val-
ues for the past 3 cycles. The state space S contains
7 types of core features, totaling 128 dimensions, with
specific mathematical mapping rules and dimension split-
ting as follows: Mathematical mapping logic: The 128-
dimensional state space is generated through a three-
step mapping of "basic feature discretization + high-
dimensional embedding + standardization", and the core for-
mula is:S=Norm(Embed(F1®F2®- - - §F7))Where: F1-F7: 7
types of basic features (node status, vehicle status, route
status, recycling status, remanufacturing status, environmen-
tal status, historical scheduling status); &: Feature concate-
nation operation; Embed(-): High-dimensional embedding
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function (two-layer fully connected network); Norm(-): Min-
Max standardization (scaling values to [0, 1] interval).

Dimension splitting details:

Node status (32 dimensions): 20 recycling points
(4 dimensions each: inventory level/capacity occupancy
rate/equipment operating status/pending order quantity) +
3 sorting centers (3 dimensions each) + 2 remanufacturing
factories (2 dimensions each) + 1 waste disposal center (1
dimension), totaling 20x4+3x3+2 x2+1=32 dimensions;

Vehicle status (40 dimensions): 15 transport vehi-
cles (4 dimensions each: position/load capacity/remaining
fuel/transportation task status) after principal component
analysis (PCA) to remove 10 redundant dimensions, retain-
ing 40 effective features;

Route status (28 dimensions): 28 core routes (1 dimen-
sion each: weighted fusion value of congestion coefficient,
transportation time, and transportation cost);

Recycling status (8 dimensions): Real-time recycling vol-
ume, predicted recycling volume, and inventory backlog
level of each recycling point (discretized into 8 dimensions
via one-hot encoding);

Remanufacturing status (8 dimensions): Production
progress, finished product inventory, and pass rate of re-
manufacturing factories (quantized and expanded into 8
dimensions);

Environmental status (8 dimensions): Fuel prices, policy
adjustment factors, equipment failure status, and market
demand index (standardized and mapped into 8 dimensions);

Historical scheduling status (4 dimensions): Scheduling
costs, response time, resource utilization, and reward values
for the past 3 cycles.

2) Action Space

Action space A is a discrete set of actions, consisting of 3
core actions with a total of 64 action values, as follows:
Path selection actions (28): Design selection actions for
each transportation route, that is, select a certain route to
perform transportation tasks; Vehicle allocation actions (15):
Design allocation actions for each transportation vehicle,
that is, allocate a certain vehicle to perform transportation
tasks; Resource scheduling actions (21): including node
device scheduling, inventory priority adjustment, transporta-
tion task sorting, and other actions.

C. NETWORK ARCHITECTURE DESIGN

The network structure of the improved deep reinforcement
learning algorithm includes an input layer, an attention
feature extraction layer, a hidden layer, and an output layer.
The specific structure is as follows:

1) Input Layer

Receive 128 dimensional state feature vectors and output
them to the attention feature extraction layer.
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2) Attention Feature Extraction Layer

Adopting the Multi Head Self Attention mechanism, the
input state features are weighted to highlight the impor-
tance of key features. The specific structure is as follows:
Number of multi head attention heads: 8; Feature dimension
conversion: Convert 128 dimensional state features into 64
dimensional feature vectors; Attention weight calculation:
Calculate the feature attention weight through the Query,
Key, and Value matrices, and weight and sum to obtain the
attention feature vector; Output: 64 dimensional attention
feature vector, transmitted to the hidden layer.

3) Hidden Layer

Contains 3 fully connected layers and 2 batch normal-
ization layers, with specific parameters as follows: The
first fully connected layer: input 64 dimensions, output
128 dimensions, activation function ReLU; The first batch
normalization layer: normalization processing to improve
training stability;

Second fully connected layer: Input 128 dimensions,
output 256 dimensions, activation function ReL.U; The third
fully connected layer: input 256 dimensions, output 128
dimensions, activation function ReLU;

Second Batch Normalization Layer: Normalization Pro-
cessing.

4) Output Layer

Output the Q values of 64 actions with a Linear activation
function, and optimize the model using the mean square
error loss function.

D. TRAINING PROCESS DESIGN

1) Training Parameter Settings

Discount factor y: 0.95; Learning rate n: 0.001; Experience
pool capacity: 100000; Batch sampling size: 64; Target
network update frequency: every 1000 steps; Exploration
rate e: initial value of 0.9, linear decay to 0.1, decay rate of
0.0001; Training iterations: 50000 steps.

2) Division of Training Stages
1. Offline training phase (steps 1-30000): Based on the
historical data generated by the simulation model, offline
training is carried out using priority experience replay sam-
pling samples, optimizing network parameters, and initially
forming scheduling strategies;

2. Online fine-tuning stage (steps 30001-45000): Real
time linkage between the algorithm and the simulation
model, where the agent interacts and learns in a dynamic
simulation environment, adjusts network parameters based
on real-time reward feedback, and optimizes scheduling
strategies;

3) Training Optimization Strategy
Gradient clipping: using gradient clipping technology, lim-
iting the maximum gradient norm to 1.0 to avoid gradient
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explosion; Learning rate decay: During the training pro-
cess, the learning rate linearly decays with the number of
iterations, from 0.001 to 0.0001, improving the stability
in the later stages of training; Early stop mechanism: Set
performance metrics for the validation set, and if there is
no improvement for 5000 consecutive steps, stop training to
avoid overfitting, see Table 1 for details.

TABLE 1. Simulation Test Result Comparison of Three Algorithms

Improvement

Genetic Basic DQN  Improved of Improved

Evaluation Indicator

Algorithm  Algorithm DQN-PER Algorithm
(GA) Algorithm (vs. GA)
Total Operation Cost (10k RMB)  896.2 778.5 640.3 28.7%
Unit  Product Scheduling Cost 24.9 21.6 17.8 28.5%
(Yuan)
Order Response Time (Hours) 18.6 15.2 12.6 32.1%
Average  Transportation ~ Time 6.8 57 4.6 32.4%

(Hours)

Task Completion Rate (%) 92.3 95.8 98.7 6.9%
Transportation Vehicle Utilization 68.5 76.2 86.6 26.4%
Rate (%)

Node Warehouse Utilization Rate 72.3 79.5 88.4 22.3%
(%)

Equipment Processing Utilization 70.6 71.8 85.3 20.8%
Rate (%)

Abnormal Event Handling Success 75.2 83.6 92.8 23.4%
Rate (%)

Task Delay Rate (%) 77 4.2 1.3 83.1%

E. ALGORITHM COMPARISON BENCHMARK

Select two classic algorithms as comparison benchmarks to
verify the superiority of the improved algorithm: Traditional
heuristic algorithm: Genetic Algorithm (GA), based on
existing research setting parameters, with a population size
of 100, iteration times of 500, crossover probability of 0.8,
and mutation probability of 0.1; Basic deep reinforcement
learning algorithm: Deep Q-Network (DQN), with the same
network structure as the improved algorithm, but without
introducing attention mechanism and priority experience re-
play. Dynamic adaptation heuristic algorithm: Dynamic Ge-
netic Algorithm (Dynamic-GA), modified from traditional
GA to update optimization solutions every hour, adapting
to dynamic environments; Hybrid dynamic optimization
algorithm: Reinforcement Learning + Heuristic Algorithm
(RL-HA), a dynamic scheduling algorithm proposed in
2023, integrating reinforcement learning decision-making
and heuristic rule optimization.

V. DESIGN AND IMPLEMENTATION OF DYNAMIC
SCHEDULING SYSTEM

A. OVERALL SYSTEM DESIGN

1) Design Objectives

Functional objective: To achieve the full process functions
of reverse logistics network status monitoring, dynamic
scheduling decision-making, scheduling scheme execution,
and effect evaluation; Performance goal: Scheduling deci-
sion response time < 1 second, algorithm training efficiency
improved by more than 30%, system concurrent processing
capacity > 500 tasks/second; Usability goal: The interface
is intuitive and easy to understand, supporting operations
such as parameter configuration, model training, and result
visualization, and is suitable for use by enterprise techni-
cal personnel; Scalability goal: Adopting modular design,
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supporting algorithm iteration, functional expansion, and
network parameter adjustment.

2) Design Principles

Principle of technology integration: Deep integration of sim-
ulation technology, deep reinforcement learning technology,
and big data analysis technology to achieve technological
synergy; Data centric: Based on real-time and historical
data to drive scheduling decisions, ensuring the scientificity
of decisions; Modular design principle: Divide the system
into multiple independent modules to reduce coupling and
facilitate maintenance and expansion; Practicality priority
principle: Focus on the actual needs of the enterprise and
ensure that the system functions are in line with scheduling
practices.

B. SYSTEM FUNCTION MODULE DESIGN

The system adopts a "layered architecture+modular design",
which is divided into presentation layer, business logic layer,
and data layer. The core functional modules include simula-
tion module, algorithm training module, dynamic scheduling
module, status monitoring module, effect evaluation module,
and system management module. The specific functions are
as follows:

1) Simulation Module

Model configuration: supports the configuration and modifi-
cation of reverse logistics network parameters, environmen-
tal parameters, and simulation parameters; Simulation op-
eration: Control the start, pause, and stop of the simulation
model, supporting single step and batch operation; Status
collection: Real time collection of simulation environment
status data to provide data support for algorithm training
and scheduling decisions; Visual display: Real time display
of simulation operation status through network topology
diagram, logistics flow diagram, and data statistics diagram.

2) Algorithm Training Module

Algorithm configuration: Support parameter configuration
for improved DQN algorithm and comparative algorithm,
such as learning rate, discount factor, and iteration times;
Model training: Start, pause, stop algorithm training process,
real-time display of training progress and loss function
change curve; Model management: supports saving, loading,
and updating of training models, and manages different
versions of model files; Training optimization: Provides
automatic parameter tuning function to optimize algorithm
parameters based on training effectiveness.

3) Dynamic Scheduling Module

Real time decision-making: receiving status data from simu-
lation environments or actual systems, calling trained mod-
els to output scheduling instructions; Scheme generation:
Generate detailed dynamic scheduling schemes based on
scheduling instructions, including path planning, vehicle
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allocation, and resource scheduling plans; Plan execution:
Distribute the scheduling plan to each node and transporta-
tion vehicle, supporting manual adjustment and mandatory
execution of the plan; Dynamic adjustment: Real time
adjustment of scheduling plans based on environmental
changes and execution feedback to achieve adaptive opti-
mization.

4) Status Monitoring Module

Node status monitoring: Real time monitoring of inven-
tory levels, equipment operation status, and task execution
progress at various recycling points, sorting centers, reman-
ufacturing factories, and waste disposal centers;

Vehicle status monitoring: Real time tracking of the
position, load capacity, driving status, and task completion
of transportation vehicles;

Environmental status monitoring: Real time monitoring
of dynamic environmental factors such as fluctuations in
recycling volume, transportation congestion, and equipment
failures; Abnormal warning: Warn of abnormal situations
such as inventory backlog, resource conflicts, and task
delays, and trigger emergency dispatch.

5) Effect Evaluation Module

Indicator calculation: Automatically calculate various per-
formance indicators of the scheduling plan, including
scheduling cost, response time, resource utilization, and ro-
bustness; Comparative analysis: Support comparative anal-
ysis of scheduling effects under different algorithms and
parameters, and generate visual comparative reports; Trend
analysis: Based on historical scheduling data, analyze the
changing trend of scheduling effectiveness to provide a
basis for algorithm optimization and parameter adjustment;
Report generation: Automatically generate scheduling per-
formance evaluation reports, supporting export and printing.

6) System Management Module

User management: supports user registration, login, and
permission allocation, distinguishing roles such as admin-
istrator, operator, and viewer; Data management: supports
data backup, recovery, and cleaning, manages simulation
data, training data, and scheduling data; Log management:
Record system operation logs, user operation logs, algo-
rithm training logs, support log query and export; System
configuration: Configure system operating parameters, such
as data collection frequency, visualization update frequency,
and warning threshold, see Table 2 for details.
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TABLE 2. Practical Application Test Results of Dynamic Scheduling System
(vs. Original Enterprise Mode)

Evaluation Indicator Original Enterprise Mode Dynamic Scheduling System Improvement

Total Operation Cost (10k RMB) 9125 658.7 27.8%
Unit Product Scheduling Cost (Yuan) 253 18.3 27.7%
Order Response Time (Hours) 19.2 13.1 31.8%
Average Transportation Time (Hours) 7.1 4.8 32.4%
Task Completion Rate (%) 91.8 98.5 7.3%
Transportation Vehicle Utilization Rate (%) 67.8 85.9 26.7%
Node Warehouse Utilization Rate (%) 71.5 87.6 22.5%
Equipment Processing Utilization Rate (%) 69.8 84.7 21.3%
Abnormal Event Handling Success Rate (%) 745 91.6 23.0%
Task Delay Rate (%) 8.2 1.5 81.7%

C. SYSTEM TECHNICAL ARCHITECTURE

1) Front End Architecture

View layer: Vue.js is responsible for page rendering and
data binding, while Element Plus provides standardized
components; State management: Pinia manages the global
state and enables data sharing between components; Route
management: Vue Router implements page routing redirec-
tion; Visualization components: ECharts for data statistics
visualization, Three.js for network topology 3D visual-
ization; Communication protocol: WebSocket is used to
achieve real-time data exchange between the front-end and
back-end, ensuring the real-time performance of dynamic
scheduling.

2) Backend Architecture

Using Spring Boot 2.7.0 as the backend development frame-
work, the core business logic is implemented based on
Java language, and the core technologies include: Business
logic layer: Spring Boot implements core system functions,
Spring MVC handles HTTP requests; Simulation module:
Based on AnyLogic’s Java API, realize the calling and
control of simulation models; Data access layer: MyBatis
Plus operates on relational databases, Redis caches fre-
quently accessed data; Security framework: Spring Security
implements user authentication and authorization, JWT im-
plements token management; Message queue: Kafka handles
asynchronous tasks such as data collection, logging, and
report generation.

3) Data Layer

Adopting a hybrid storage solution of "relational

database+cached database+file storage": Relational database:

MySQL 8.0 stores structured data such as user information,
system configuration, scheduling data, evaluation results,
etc; Cache database: Redis 6.2 caches simulation model
state data, algorithm training parameters, and real-time
monitoring data to improve access speed; File storage:
MinlO stores unstructured data such as simulation model
files, algorithm model files, log files, evaluation reports, etc.

D. SYSTEM DEVELOPMENT AND DEPLOYMENT

1) Development Environment

Operating systems: Windows 11 (development environ-
ment), Linux CentOS 8 (deployment environment); Hard-
ware configuration: Development server CPU Intel Core
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19-12900K, 32GB memory, NVIDIA RTX 3090 graphics
card; The deployment server adopts a cluster architecture,
consisting of 4 application servers and 2 database servers.

2) System Deployment

Adopting Docker containerization deployment and Kuber-
netes cluster management solution to achieve rapid deploy-
ment, expansion, and operation of the system: Front end
deployment: Package Vue.js projects as static files, deploy
them on Nginx servers, and accelerate access through CDN;
Backend deployment: Package the Spring Boot project, al-
gorithm module, and simulation module into Docker images
and deploy them on a Kubernetes cluster; Database deploy-
ment: MySQL adopts a master-slave replication architecture
to ensure high data availability; Redis adopts cluster mode to
improve cache capacity and performance; Load balancing:
Nginx is used to achieve front-end load balancing, Kuber-
netes is used to achieve back-end service load balancing, and
the system’s concurrent processing capability is improved.

VI. EMPIRICAL CASE VERIFICATION

A. OVERVIEW OF EMPIRICAL CASES

Verify the scheduling performance of the improved deep
reinforcement learning algorithm and compare it with the
traditional genetic algorithm and the basic DQN algorithm;
Verify the practicality and stability of the dynamic schedul-
ing system, and evaluate the application effect of the system
in actual enterprise operations; Analyze the improvement
effect of dynamic scheduling on enterprise operating costs,
response time, resource utilization, and robustness.

B. VALIDATION INDICATORS

Construct a four-dimensional verification index system of
"cost efficiency resource robustness", as follows: Cost in-
dicators: total operating cost (transportation cost+sorting
cost+remanufacturing cost+waste disposal cost), unit prod-
uct scheduling cost; Efficiency indicators: order response
time, average transportation time, task completion rate;
Resource indicators: transportation vehicle utilization rate,
node storage utilization rate, equipment processing utiliza-
tion rate; Robustness indicators: success rate in handling
abnormal events, frequency of scheduling plan adjustments,
and task delay rate.

C. VERIFICATION PLAN

1. Model calibration: Adjust simulation model parameters
based on actual enterprise data to ensure consistency be-
tween the simulation environment and the actual operational
environment of the enterprise;

2. Algorithm training: Train the improved DQN algorithm
and the basic DQN algorithm in the calibrated simulation
model, and use the existing parameter settings for the
genetic algorithm;

3. Comparative testing: Simulate the one month operation
process of an enterprise in a simulation environment, use
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three algorithms for dynamic scheduling, and record var-
ious verification indicators; 4.Practical application testing:
Experimental group: Deploy the dynamic scheduling system
to the enterprise pilot area, run for 6 months (Jan-Jun 2024),
and collect actual operational data; Control group: Select
another logistics network of the same scale of the enterprise
as the control group (without deploying the DRL system,
using the original static scheduling mode), and collect data
for the same period; Interference factor control: Quantify
the impact of various interference factors through multiple
linear regression models, including fuel price fluctuations
(impact coefficient=0.12, contribution=4.3%), seasonal vari-
ations (controlled by selecting the same period data), and
macroeconomic variables (CPI index as control variable,
impact=2.1%).

D. VERIFICATION RESULTS AND ANALYSIS
1) Simulation Test Results

TABLE 3. Performance Comparison of Algorithms Under Dynamic
Environmental Fluctuations

Dynamic Algorithm Type Total Order Resource Task

Disturbance Operation R U C
Scenario Cost (10k Time (Hours) Rate (%) Rate (%)
RMB)
Recycling  Volume Genetic 987.6 228 65.3 87.2
Surge (30% Algorithm
Increase)
Basic DQN Algo- 845.2 18.5 73.1 92.5
rithm
Improved DQN- 689.4 142 85.7 9738
PER Algorithm
Transportation Genetic 932.1 20.3 69.5 89.6
Route Congestion Algorithm
(50% Delay)
Basic DQN Algo- 7983 16.7 76.8 94.1
rithm
Improved DQN- 654.7 129 87.4 98.2

PER Algorithm

From Table 3, it can be seen that the improved DQN-
PER algorithm is significantly better than the traditional
genetic algorithm and the basic DQN algorithm in all
indicators: In terms of cost, the total operating cost has
decreased by 28.7% compared to GA and 15.3% compared
to basic DQN. The unit product scheduling cost has also
decreased synchronously, and the cost optimization effect
is significant; In terms of resources, the utilization rates of
transportation vehicles, node warehousing, and equipment
processing have increased by 26.4%, 22.3%, and 20.8%
respectively (compared to GA), indicating a more rational
allocation of resources; Simulate continuous operation for
30 days under dynamic environmental fluctuations (re-
cycling volume £ 30% + random equipment failures +
route congestion): Inventory overflow: O times (all recycling
points); Average inventory occupancy rate: 62%; Emergency
transportation trigger frequency: 1.2 times/day on average;
System crash: O times; The results prove that the dynamic
cleaning mechanism is effective, and the simulation model
can run stably without early collapse.

VOL. 15, NO. 3, AUGUST 2026

2) Actual Application Test Results

TABLE 4. Long-Term Application Effect Comparison of Dynamic Scheduling
System

Evaluation Period Operation Mode Average Average Order Average Customer
Monthly Response Time Resource Satisfaction
Operation Cost (Hours) Utilization Score (5-point

(10k RMB) Rate (%) scale)

Pre-Application Traditional Static 921.8 19.5 68.2 32

(Jan-Mar 2023) Scheduling

Post-Application Dynamic 663.5 133 86.1 4.7

(Jan-Mar 2024) Scheduling

System
Year-on-Year - -27.9% -31.8% +26.2% +46.9%

Change

The actual application test results show that the applica-
tion effect of the dynamic scheduling system is basically
consistent with the simulation test results: The operating
costs have significantly decreased, with a 27.8% decrease in
total operating costs compared to the original model of the
enterprise, and a 27.7% decrease in unit product scheduling
costs, bringing direct economic benefits to the enterprise;
The scheduling efficiency has been significantly improved,
with order response time and average transportation time
reduced by 31.8% and 32.4% respectively, and customer
satisfaction significantly increased; The resource utilization
rate has significantly improved, with transportation vehicles,
node warehousing, and equipment processing utilization
rates all increasing by more than 20%, avoiding resource
idle; The network robustness has been enhanced, the success
rate of handling abnormal events has increased by 23.0%,
the task delay rate has been reduced to 1.5%, and the ability
of enterprises to cope with dynamic environmental changes
has significantly improved.

E. RESULT ANALYSIS
The reasons for the excellent performance of improved deep
reinforcement learning algorithms and dynamic scheduling
systems mainly include:

1. High authenticity of simulation models: integrating 8
types of dynamic influencing factors, accurately simulating
the actual operating environment of enterprises, providing
reliable support for algorithm training and scheduling deci-
sions;

2. Multi objective collaborative optimization: The reward
function integrates multiple objectives such as cost, effi-
ciency, resources, and robustness, achieving multi-objective
collaborative optimization and avoiding the trade-off caused
by single objective optimization;

F. ANALYSIS OF TYPICAL APPLICATION SCENARIOS

Path optimization: Redesign transportation routes, prioritize
scheduling vehicles closer to the sorting center, and shorten
transportation time; Resource allocation: Temporarily adjust
the operating parameters of the sorting center equipment
to improve sorting efficiency, while coordinating with the
remanufacturing factory to reserve storage space; Vehicle
scheduling: Call backup vehicles to participate in transporta-
tion, optimize vehicle loading plans, and improve full load
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rates; Effect: The inventory backlog problem was alleviated
within 24 hours, and the task delay rate was reduced to
3.2%, ensuring stable network operation during the policy
implementation period.

OUTLOOK This study still has certain limitations: There
is still room for expansion in the coverage of dynamic
influencing factors in simulation models, and the impact of
extreme emergencies such as natural disasters and epidemics
has not been fully considered;

2. The algorithm design did not fully consider the collab-
orative decision-making among multiple intelligent agents,
such as the conflict coordination problem among multiple
transportation vehicle intelligent agents;

3. The types and scales of enterprises tested empirically
are limited, and only apply to reverse logistics enterprises
for household appliances. The universality of the research
conclusions needs further verification;

4. The intelligence level of the system can be further
improved, such as adding intelligent prediction functions
to achieve forward-looking scheduling based on predicted
data.

Future research can be conducted in the following direc-
tions:

1. Expand the dynamic influencing factors of the sim-
ulation model, introduce an extreme emergency simulation
module, and enhance the comprehensiveness and robustness
of the model;

2. Optimize algorithm design, construct multi-agent deep
reinforcement learning algorithms, and solve multi-agent
collaborative decision-making and conflict coordination
problems;

3. Expand the scope of empirical testing to cover reverse
logistics enterprises in different industries such as automo-
biles, electronics, and clothing, and verify the universality
of research conclusions;

4. Enhancing the intelligent functions of the system
through big data prediction technology enables the accurate
forecasting of recycling volumes and raw material market
demands, thereby supporting forward-looking scheduling
decisions for fiber regeneration. This integration ensures that
the volatility of waste streams is systematically aligned with
industrial capacity to optimize the circularity of recycled
resources.
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