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Abstract:

With the rapid development of the global economy, international trade plays a crucial role in the economic growth
and resource allocation of various countries. As an important logistics channel connecting China and Europe, the
China-Europe Railway Express has significantly contributed to supporting the "Belt and Road" initiative and promot-
ing regional economic cooperation. However, the efficiency of container transportation directly affects the quality of
transport and operational costs, thus improving the loading efficiency of container transport has become an urgent
issue in modern logistics management. Most existing container transport methods rely on traditional scheduling and
loading strategies, which often fail to meet the real-time demands posed by dynamic market changes. This paper
proposes a new real-time loading optimization framework based on Radio Frequency Identification (RFID) technology
to address the container transport optimization problem for the China-Europe Railway Express. This framework man-
ages real-time cargo requests through task queues and dynamically invokes the Iterative Heuristic Tree Search (IHTS)
algorithm by the core decision-making component to generate loading plans and pass them to the execution compo-
nent. By constructing a data generation model based on a normal distribution, this paper simulates the recognition
probability of RFID tags to enhance decision-making accuracy. Experimental results show that the proposed method
completed 45 tasks within 60 minutes, which is 50.00% higher than the improved Q-learning algorithm and 28.57%
higher than the genetic algorithm based on the Metropolis criterion. In terms of path optimization, the length of the
path in this method is 108 meters, significantly shorter than the 125 meters of the improved genetic algorithm and the
141 meters of the Q-learning algorithm. In addition, the total transportation cost of the proposed loading optimization
method is 608.28 yuan. This cost integrates the vehicle transportation distance cost, the delay penalty caused by failure
to load on time, and other operational losses. Experimental results demonstrate that this real-time loading optimiza-
tion framework not only significantly enhances container loading efficiency but also effectively reduces operational
costs, showing promising application prospects and practical value.
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1. Introduction

In the context of globalization, international trade
has developed rapidly and become an important
driving force for the economic growth of various
countries. As the world's second largest economy,
China is actively committed to promoting the
growth of international trade, especially through the
Belt and Road Initiative, connecting China with Eu-
ropean markets (Casella et al., 2022). This initiative
has led to the rapid development of the China-Eu-
rope Express, which has become an important logis-
tics channel for regional economic cooperation be-
tween the two places. By transporting containers, the
China-Europe freight train has reduced the time and
cost of traditional sea transportation and provided a
new solution for promoting trade facilitation. How-
ever, with the continuous growth of container trans-
portation demand, how to improve the efficiency of
container loading, improve the quality of transporta-
tion services, in order to reduce operating costs, has
become an important challenge faced by modern lo-
gistics management (Zhang et al., 2022). At present,
the traditional container transportation scheduling
and loading strategies mostly rely on experience and
static modes, which are powerless in the face of mar-
ket dynamic changes. The research shows that the
traditional scheduling method often cannot realize
real-time monitoring and dynamic response, which
leads to resource waste, low loading efficiency and
transportation delay. In addition, the container
transport environment is complex and changeable,
not only facing a high frequency of cargo request
changes, but also need to deal with a variety of con-
straints, such as transport path, time requirements
(Groumpos, 2023). Therefore, developing an effi-
cient and flexible container load optimization strat-
egy to cope with these changes has become a key
issue that the logistics industry needs to solve. The
real-time loading optimization framework based on
Radio frequency identification (RFID) technology is
studied to solve the problem of container transporta-
tion optimization of China-Europe freight trains.
Through the timely acquisition of real-time data and
intelligent decision making, the research aims to im-
prove container loading efficiency and reduce oper-
ating costs. The research methods include construct-
ing a data generation model based on normal distri-
bution, simulating the RFID tag identification prob-
ability, and using dynamic scheduling algorithm to
optimize the cargo loading order to quickly respond

to changes in market demand. The innovation of the
research is mainly reflected in three aspects. Firstly,
a new real-time loading optimization framework is
proposed, which systematically applies RFID tech-
nology to container loading optimization, and im-
proves decision-making accuracy and response
speed through real-time data collection and pro-
cessing. Secondly, an optimization solution based on
dynamic scheduling algorithm is developed so that
container loading can flexibly adapt to real-time
changes in cargo requests and transportation condi-
tions. Finally, by comparing with the traditional Q
learning algorithm and the improved genetic algo-
rithm, the significant advantages of this method in
task completion efficiency, route optimization and
transportation cost control are verified, and its po-
tential in improving the efficiency of container
transportation between China and Europe is demon-
strated. Through the in-depth analysis of the re-
search, it will provide an effective scheme for pro-
moting the efficiency of container transportation of
China-Europe freight trains, which has important
practical significance for improving the flexibility
and efficiency of modern logistics management.

2. Related Work

Currently, many domestic and foreign scholars have
conducted in-depth research on logistics scheduling
and the application of RFID technology. To improve
the overall warehouse logistics scheduling process,
Li (2023) used Q-learning technology to create a
method model based on random forest, which was
modeled as a Markov decision process, and further
strengthened the proposed model using fuzzy con-
trol methods. Through experiments, the model
achieved excellent performance compared to exist-
ing methods. Hou and Zhang (2024) focused on the
balancing of assembly workshops and assembly
lines, as well as multi-guided vehicle scheduling
problems. They comprehensively considered vari-
ous factors to maximize the objective function value
while meeting production requirements, and pro-
posed a scheduling rule selection method based on
neural networks and knowledge bases. The proposed
method's feasibility and efficacy were validated by a
simulation analysis of an assembly workshop sce-
nario, which was conducted in order to address the
issues of assembly line balancing and multi-guided
vehicle scheduling. This approach not only en-
hanced manufacturing efficiency but also bolstered
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the resilience of the workshop. Alzahrani and Irshad
(2023) proposed a new 5G enabled secure RFID au-
thentication scheme to address the trust and security
issues faced by intelligent logistics in supply chain
management. The results showed that this scheme
supported more security features compared to other
contemporary schemes. Meanwhile, the efficacy
evaluation findings demonstrated a series of excel-
lent performances of this scheme compared to other
studies. Trebuna et al. (2023) proposed a mobile and
autonomous RFID system using RFID technology to
address the issue of inventory management using
RFID robots in logistics management. This method
achieved efficient inventory counting by using ac-
tive and passive RFID chips embedded in the goods,
combined with RFID robots for 2D spatial item po-
sitioning. The results showed that the inventory ac-
curacy using RFID robots reached 95-99%.

Vehicle scheduling plays a key role in logistics op-
erations and has a direct impact on efficiency, cost
control and customer satisfaction throughout the
supply chain. In recent years, with the progress of
technology, especially the development of infor-
mation technology and algorithms, the research on
vehicle scheduling in academia and industry has
gradually deepened. The following are some aspects
of expansion and enrichment. In modern logistics,
the demand for dynamic scheduling is increasing,
especially in the face of uncertain market demand
and traffic conditions. The application of genetic al-
gorithms in supply chain allocation scheduling men-
tioned by Zhang (2022) highlights the advantages of
using bio-inspired algorithms to solve complex
problems. By simulating natural selection and ge-
netic variation, the algorithm can quickly find a
near-optimal solution in a large solution space. The
case study shows that this method not only performs
well in reducing operational costs, but also shows
good performance in dealing with the real-time ad-
justment ability of complex logistics networks. In
addition, the parallel processing capability and
adaptability of the algorithm enable it to maintain
high efficiency in dynamic environments. The het-
erogeneous UAV scheduling study proposed by
Yuan et al. (2021) solves a complex challenge in ur-
ban environments, namely the cooperative schedul-
ing of multiple types of UAVs. Their genetic algo-
rithm framework introduces specialized genetic ma-
nipulation and weight-based loading methods,
which not only improve the drone's load efficiency,

but also optimize the flight path and reduce energy
consumption. In the urban environment, taking into
account the impact of buildings and the require-
ments of air traffic management, their research pro-
vides innovative solutions for UAV logistics distri-
bution and shows the research direction of future ur-
ban logistics. Bansal et al. (2022) collaborative sys-
tem concept combines the advantages of ground ve-
hicles and drones to minimize delivery times and in-
crease service efficiency. The clustering analysis in
their method not only considers the spatial distribu-
tion, but also combines the delivery time window to
make dynamic decisions through a heuristic algo-
rithm, showing a higher efficiency than the tradi-
tional truck-drone model. The implementation of
this collaborative framework will help reduce deliv-
ery costs and improve customer satisfaction at the
same time, marking an important development di-
rection for future multi-mode distribution systems.
Guo et al. (2024) proposed a novel logistics sched-
uling model in response to the problems of logistics
scheduling and routing efficiency brought about by
the rapid development of e-commerce, and utilized
radio frequency identification technology to opti-
mize vehicle routing. The adaptive tabu search algo-
rithm and the nearest neighbor algorithm are used to
solve random customer demands and service times.
Experiments have proved that this method is supe-
rior to other methods in completing tasks and reduc-
ing queuing time. Case studies show that the opti-
mized routes recommended by this model can re-
duce transportation costs by more than 25% com-
pared to using RFID technology alone, highlighting
the potential of this technology to enhance logistics
efficiency. Begi¢ et al. (2024) proposed an active
Building Information Modeling (BIM) system based
on Internet of Things (IoT) support for the ready-
mixed concrete distribution problem (RMCDP), to
achieve the optimized distribution of ready-mixed
concrete for multiple projects. This system generates
the best distribution plan through dynamic and auto-
matic input/output exchange, using data supported
by real-time maps, including concrete volume, sup-
ply volume, the best route and the lowest cost, and
can be dynamically adjusted to cope with real-time
data changes.

Although the above methods have achieved certain
results in logistics scheduling, most of the research
is conducted in specific environments. For container
transportation, which is a more complex and ever-
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changing logistics environment, specific models
may not be able to adapt to changes in demand in
different contexts. Therefore, a real-time loading op-
timization framework based on RFID has been de-
signed to improve the efficiency of container trans-
portation on China Europe freight trains and provide
a flexible solution to meet dynamic demands. The
research innovation lies in proposing a novel real-
time loading optimization framework, which im-
proves the responsiveness of container transporta-
tion through dynamic scheduling algorithms. RFID
technology is systematically applied to container
loading optimization of China Europe freight trains,
achieving automatic collection and processing of
real-time data.

3. Methods and materials
3.1. Construction of container transport loading
model based on RFID technology

A real-time loading optimization framework
grounded on RFID technology is proposed for the
container transportation optimization problem of
China Europe freight trains. In this framework, the
decision-making component and loading optimiza-
tion solver are at the core, combined with the current
loading situation of the China Europe freight train
and real-time cargo requests, to make reasonable
loading arrangements and achieve efficient response
to demand (Al-Shboul, 2023; Chiu and Shih, 2023;
Flanagan and McGovern, 2023). The real-time load-
ing optimization framework mainly contains five
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parts, namely task request component, real-time data
management component, decision component, load-
ing optimization solver, and execution component.
The task request component comprises two main el-
ements: a request generator and a task queue. The
purpose of these elements is to simulate the genera-
tion of real-time cargo requests and to temporarily
store these requests. The real-time data management
component comprises two key elements: an RFID
data generator and an RFID data management com-
ponent (Abdullahi et al., 2024; Wang et al., 2025).
The former is used to simulate the generation of real-
time RFID data, while the latter is employed to man-
age the data, thereby facilitating the decision-mak-
ing process. The decision-making component con-
sists of two parts: the decision maker and the real-
time loading algorithm. The function of this compo-
nent is to ascertain whether the existing loading ca-
pacity of the China Europe freight train is sufficient
to accommodate the real-time cargo requests. It then
prioritises these requests in the task queue, passes
the processed task results to the execution compo-
nent and finally transmits the tasks to be loaded to
the loading optimisation solver. The execution com-
ponent comprises two elements: performance evalu-
ation and execution display. The former is applied to
assess the performance of loading results, while the
latter displays the final loading plan (Rajesh and Ra-
human, 2025; He et al., 2025). The RFID-based con-
tainer transportation loading optimization frame-
work is shown in Figure 1.
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Fig. 1. Optimization framework for container transport loading based on RFID
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In Figure 1, the RFID data generator and decision
maker are important modules for achieving efficient
loading in the research on container transportation
optimization of China Europe freight trains based on
RFID technology. The RFID data generator is
mainly responsible for generating real-time data re-
lated to containers, including cargo information,
loading status, and location information. The effec-
tive distance is a key parameter of the RFID system,
which determines the range within which the RFID
tag is recognized by the reader/writer. To maximize
the probability of reading, it is necessary to set a suit-
able effective distance [20-21]. When the limiting
factors decrease, the effective reading range of the
tag will increase, thereby improving the probability
of the tag being recognized by the reader/writer. To
simulate and calculate the reading probability of la-
bels, a data generator model based on normal distri-
bution is studied and constructed. This model can
consider various influencing factors, such as the ef-
fective placement of containers, environmental sta-
bility, and the performance of RFID devices, as
shown in formula (1) [22].

pP= Pself * Pocation (D

In formula (1), P represents the probability of label
reading and writing, Pg,r represents the probability
of self influence, and Pj,¢q¢i0n re€presents the proba-
bility of location. Among them, the calculation of
Piocation 1S shown in formula (2).

Piocation = f (distance)/f(0) 2

In formula (2), distance means the distance be-
tween the tag and the reader/writer, Unit: Meter (m).
f means the probability or validity of the tag being
recognized by the reader/writer at a specific dis-
tance, and f(0) means the recognition probability of
the tag at a distance of zero, which is the ideal situa-
tion. The calculation formula for function f is
shown in formula (3).

xZ

1 _x
minf(x) =——=e 2,0 < x < 3
f ) = 3)

In formula (3), r represents the effective distance,
Unit: Meter (m), and x represents the input value of

distance. The calculation of distance is shown in
formula (4).

distance
= \/(xl —x2)% + (11 — ¥2)% (21 — 2,)?

“)

In formula (4), (x4, y1,21) means the reader/writer
coordinates, and (x,, y,, Z,) means the label coordi-
nates, Unit: Meter (m). By using the above formula,
it can achieve real-time monitoring and analysis of
the reading probability of RFID tags, optimize the
decision-making accuracy of the decision-making
component, ensure that the container loading pro-
cess can adapt to constantly changing cargo de-
mands, and raise the efficiency and flexibility of the
entire logistics system. Usually, there is a certain in-
terval between each decision action of the research
model decision maker. The interval time is mainly
used for data collection and processing to ensure that
decisions are based on reliable information. In addi-
tion, it can smooth real-time data fluctuations, re-
duce the risk of misjudgment, and provide time for
model self optimization and adjustment. This inter-
val allows the system to respond to external changes
in a timely manner, allocate resources reasonably,
and optimize the supply chain process, thereby rais-
ing the efficiency and flexibility of the entire logis-
tics system under dynamic demand. The specific de-
cision-making process is denoted in Figure 2.

In Figure 2 (a), the decision system is divided into
three parts: the representation layer, the action layer,
and the data layer. Among them, the decision-mak-
ing process belongs to the key link in the action
layer. It can be seen that in addition to the decision
maker, the action layer also includes optimization al-
gorithms, which have a great influence on the deci-
sion maker's decisions. In Figure 2 (b), when imple-
menting loading optimization, the design of real-
time loading optimization algorithm needs to con-
sider the following core factors: loading priority.
The algorithm must be able to allocate the loading
sequence of containers reasonably based on factors
such as the urgency of goods and destination dis-
tance, to maximize efficiency under limited trans-
portation resources. Real-time data mean that algo-
rithms need to adapt to the real-time data input
brought by RFID technology, quickly respond to
changes in actual loading conditions, and thus
quickly process and adjust dynamic requests.
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Considering obstacles and limiting factors, the algo-
rithm should be able to identify and handle potential
obstacles, limiting factors, and changing external

cess, ensuring smooth loading operations.

environments that may occur during the loading pro-
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The container transportation loading optimization
model studied is based on the following core as-
sumptions:

Hypothesis 1: Each container task has a strict time
window. Vehicles arriving before the time window
need to wait. If it is reached after the time window,
it will be regarded as a delay and a corresponding
penalty will be imposed.

Hypothesis Two: Each transport vehicle has a fixed
maximum load capacity and volume. In route plan-
ning, the cumulative loading capacity of any vehicle
at any node must not exceed its capacity upper limit.
Hypothesis Three: The actual demand for containers
is unknown until the vehicle arrives at the loading
location, but its probability distribution is known.
Hypothesis Four: Cargo requests arrive at the task
queue in real time in the form of a Poisson process,
and the optimization system needs to respond dy-
namically to these new requests.

3.2. Optimization analysis of container transpor-
tation loading based on RFID technology

In the container transportation loading optimization
model grounded on RFID technology, the actual de-
mand and loading time of containers are unknown,
and the delivery time of containers also has specific
customer requirements (Dardouri et al., 2023; Pe-
reira et al., 2023; Cammarano et al., 2023). Although
transport vehicles can arrive outside of the custom-
er's designated time, they will face certain penalties
for breach of contract. To better address this chal-
lenge, the research set that the actual demand for
containers can only be displayed when the container
loading vehicle arrives at the loading location (Pe-
reira et al., 2024). The loading time of a container is
directly related to its demand, and the larger the de-
mand, the corresponding increase in loading time re-
quired. Therefore, when designing container trans-
portation routes, it is necessary to consider the range
of changes in container demand and adjustments to
loading time. Therefore, the function for optimizing
container loading is represented by formula (5).

min f (x) = ¥ jea Dkek CijXiji + ®)
+ Y jen Zkex AjE (D) + g(x)
In formula (5), f (x) represents the objective func-
tion, the total cost to be minimized, including trans-
portation cost, delay penalty and other costs. x is a
decision variable vector, usually representing path

selection or loading plan. K represents a collection
of vehicles and is used to distinguish different trans-
portation resources. ¢;; represents the transportation
cost from node i to node j, which may include fuel
cost, time cost or distance cost. x; j is a binary deci-
sion variable indicating whether vehicle k travels
from node i to node j (if it is 1, it indicates choosing
this path; otherwise, it is 0). N represents a collec-
tion of nodes, such as all customer points or loading
and unloading points. A is the penalty coefficient,
which is used for the delay of vehicle k at node j and
reflects the cost incurred due to failure to arrive on
time. E' means the expected value of container load-
ing delay time, Dj;, represents container loading de-
lay time, and g(x) represents the corrected value of
loading cost. There are three relationships between
container loading time and expected time, as shown
in Figure 3.

In Figure 3, e; means the left boundary of the con-
tainer loading time interval, which is the completion
time ahead of schedule; [; means the right boundary
of the container loading time interval, which is the
delayed completion time. There are three scenarios
for container loading time and expected time,
namely early completion, completion within the
time window, and delayed completion. Among
them, early completion requires setting a certain pe-
riod of time to complete the loading and unloading
services, which may lead to inefficient utilization of
resources as vehicles do not complete specific tasks
during the waiting period. Completing this within
the time window is an ideal situation, and any sched-
uling system should prioritize such situations to en-
sure service quality. Delayed completion can still
provide services, but certain penalties need to be im-
posed for delayed tasks, which may affect the future
development of business. For the function proposed
in formula (5), the study will use an Iterative Heu-
ristic Tree Search (IHTS) algorithm to solve it. In
the IHTS algorithm, the width of the time window
and the transportation distance are used as criteria
for node selection. On this basis, the algorithm ad-
justs important parameters such as taboo length and
domain structure, and introduces adaptive penalty
coefficients to cope with possible additional costs
and breach penalties during transportation. To gen-
erate initial solutions, the study introduces the Near-
est Neighbor Heuristic (NNH) algorithm for path
construction. When constructing the initial container
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transportation path, the initial node is selected to de-
part from the distribution center, and the selection of
subsequent nodes is based on minimizing the Ship-
ping Cost (SC) of the cargo location. The expression
for this selection process is shown in formula (6).

In formula (6), SC represents the selection cost,
which is used to evaluate the priority of node j. The
smaller the value, the more priority the node is se-
lected. B means the weight of the container loading
time difference. [; is the loading time or the last al-
lowed time of the node j, indicating the deadline for

Ajk Ajk

Probability
Probability

¢

0

Py Py e

completing the loading. ¢; is the expected time or
earliest time of the node j, indicating the ideal time
to start loading. c;; represents the transportation cost
from node i to node j. To prevent getting stuck in
local optima during the process of solving formula
(5), an adaptive taboo length strategy is adopted in
the study. This method can dynamically adjust with
the search process of the algorithm. In finding the
best solution, if the current solution is better than the
previous solution, the taboo length will be increased.
If the current solution is inferior to the previous so-
lution, it will reduce the taboo length. At the same
time, four general neighborhood strategies are used
for alternating search, as shown in Figure 4.
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In Figure 4, the 2-opt neighborhood is mainly used
to improve the order of paths or loops. The strategy
of Cross neighborhood involves crossing customers
from different paths to form new paths. The Shift
neighborhood strategy involves moving a customer
from their original position to another position in the
path. Two different clients in the Exchange neigh-
borhood are selected and their positions in the cur-
rent solution are exchanged to generate a new solu-
tion. By obtaining the model solution values from
the above, the quality of the solution values can be
shown in formula (7).

f(s) =c(s) +axq(s)+B*t(s) 0

In formula (7), f(s) represents the objective func-
tion value of solution s, representing the total cost
(including fines). The smaller the value, the better
the solution. c(s) indicates the loading cost of the
solution s, including direct costs such as transporta-
tion and handling. stands for the penalty coeffi-
cient for capacity cShstraints, which is used to pun-
ish violations of container capacity limits. The larger
the value, the more severe the penalty. q(s) is the
constraint value of the capacity constraint, indicat-
ing the extent to which solution s violates the con-
tainer capacity limit. 8 is a time-constrained fine co-
efficient used to punish behaviors that violate the
time window. The larger the value, the more severe

Initialization

Initial feasible

. | Iterative
solution

{

Iteration Max?

the penalty. t(s) is the constraint value of the time
constraint, indicating the extent to which the solu-
tion s violates the time window limit. If there is no
conflict with the capacity constraint value or time
window constraint value during the solving process,
the value of the penalty coefficient is shown in for-
mula (8).

fo= @1/t ®
B=(-D/1+%)

In formula (8), § means a random variable that sat-
isfies a uniform distribution. Based on the above so-
lution, the solution process using NNH and IHTS in
the RFID-based container transportation loading
framework is shown in Figure 5.

In Figure 5, the first step is the deployment of RFID
tags, which are deployed at key locations and items
on the containers and their transportation paths that
need to be tracked and monitored. Next is the con-
figuration of the RFID reader, which emits radio fre-
quency signals to the surrounding area. When the RF
signal encounters a container with an RFID tag in-
stalled, the tag will immediately respond and return
aunique serial number. After receiving the response
from the tag, the RFID reader will read the data
stored in the tag. These data may include infor-
mation such as the current location, loading status,
and transportation progress of the container. Next is
data transmission.
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Fig. 5. RFID-based container transportation loading model
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After successfully reading the data, the RFID reader
will transmit the data in real-time to the main data-
base or logistics management system application
through the network. This process ensures the im-
mediacy and accuracy of information, providing a
reliable data foundation for subsequent decision-
making. Finally, there is real-time tracking and
scheduling. Through the system's integrated RFID
technology, logistics managers can track the dy-
namic location of containers in real time and effec-
tively schedule and optimize the transportation pro-
cess. This real-time data update helps management
to finely manage container transportation, thereby
reducing delays, optimizing loading plans, and im-
proving operational efficiency. After the above in-
troduction, the pseudo-code of the proposed method
in the research is specifically shown in Table 1.

4. Results
4.1. Performance analysis of container transpor-
tation loading optimization model based on
RFID technology
To verify the optimization effect of RFID technol-
ogy in container transportation loading, simulation
experiments were conducted to analyze it. The spe-
cific experimental environment settings were as fol-
lows: the processor was AMD Ryzen 7, the memory
was 32GB, the storage was 1T solid-state drive, the
graphics card was NVIDIA GTX 1660, the operat-
ing system was Windows 10, and the simulation
software was MATLAB and its toolbox. The input
data of the experiment is constructed and extended
based on the Solomon benchmark dataset of the clas-
sic vehicle routing problem (VRP) to fit the con-
tainer loading scenario of the China-Europe Railway
Express. To conduct a fair comparison, the study se-
lected two meta-heuristic algorithms widely used in
the field of logistics scheduling as performance
benchmarks: the improved Q-learning algorithm and
the Metropolis standards-based genetic algorithm
(Metropolis-GA) for comparative analysis. Among
them, the improved Q-learning algorithm models the
loading scheduling problem as a Markov decision
process, explores it using the e-greedy strategy, sets
the learning rate at 0.1 and the discount factor at 0.9.
Metropolis-ga adopts roulette selection, two-point
crossover and single-point mutation operations. The
population size is 100, the number of iterations is
500, and the Metropolis criterion is introduced to ac-
cept inferior solutions with a certain probability to

avoid premature convergence. All algorithm param-
eters were determined through pre-experiments. The
core parameters of the IHTS algorithm are shown in
Table 2.

The main computational overhead of the IHTS algo-
rithm lies in the generation and evaluation of neigh-
borhood solutions. Each iteration generates 100 can-
didate solutions. It takes O(n) time to evaluate the
cost of one solution s, where n is the number of
scheduled tasks. In the worst-case scenario, the al-
gorithm complexity is O (Max_Iterations * N_size *
n), which is a polynomial time complexity related to
the problem size. By setting Max_Iterations and
N_size, the computing time can be effectively con-
trolled to meet the requirements of real-time sched-
uling.

The research adopts three standardized indicators,
namely task completion efficiency, path optimiza-
tion rate and total operating cost, to comprehen-
sively evaluate the performance of the algorithm.
The number of completed tasks: It refers to the total
number of container transportation tasks success-
fully arranged and completed by the algorithm
within the simulation time window. This indicator
directly reflects the throughput and efficiency of the
system. Path length: It refers to the total distance ac-
tually traveled by the AGV during the execution of
its tasks, with the unit being meters (m). This indi-
cator is used to evaluate the optimization degree of
algorithm path planning and directly affects energy
consumption and time cost. Global total cost: This
indicator is a core measure of the system's compre-
hensive performance, with the unit being monetary
units (such as the yuan, RMB). The calculation for-
mula is as follows: Total cost = Fixed operating cost
+ X (transportation cost X path length) + X penalty
cost. Among them, fixed operating cost includes
equipment depreciation, labor, etc. Transportation
cost refers to the driving cost per unit distance. The
penalty costs mainly include two types: (1) Time
window penalty: If a task is not completed within its
specified time window, a linear or double penalty
will be imposed based on the duration of the timeout.
(2) Damage cost: The cost of goods damage caused
by improper operation or bumpy roads is calculated
as a certain proportion of the value of the goods. The
results are shown in Figure 6.

Figure 6 (a) showcases the outcomes of the algo-
rithm in solving the amount of tasks, where Q-learn-
ing completed 30 tasks at 60 minutes. Metropolis-
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GA completed 35 tasks. The research method com-
pleted 45 tasks. Compared to Q-learning and Me-
tropolis-GA, the research method increased the
completion rate by 50.00% and 28.57%, respec-
tively. Figure 6 (b) shows the outcomes of the

algorithm in terms of the amount of queued tasks,
where Q-learning, Metropolis-GA, and the research
method had task queues of 41, 34, and 20 at 60
minutes, respectively.

Table 1 Iterative Heuristic Tree Search (IHTS) for Container Loading

Iterative Heuristic Tree Search (IHTS) for Container Loading

Input:

Task queue Q

Set of vehicles K

Real-time RFID data stream

Maximum iterations Max_Iterations
Initial tabu tenure tabu_tenure _initial
Output:

Optimal scheduling solution s_best

1: // Initialization Phase

2: Generate initial solution s_current using Nearest Neigh-
bor Heuristic (NNH);

3:s_best ~— s_current;

4: Initialize tabu list T as empty;
S:tabu_tenure < tabu_tenure initial;
6: // Main Optimization Loop

7: for iteration = 1 to Max_Iterations do
8.

9:  // Neighborhood Generation
10:  Generate neighborhood set N(s_current) by applying
four operators:

11: - 2-opt operator

12: - Crossover operator

13: - Displacement operator
14: - Exchange operator

15:

16: // Candidate Selection
17:  Filter N(s_current) to remove solutions violating
tabu conditions;

18:  Select best candidate solution s_candidate from re-
maining neighborhood;

19:

20: // Solution Evaluation and Update

21: if f(s_candidate) < f(s_best) then // f(s) is objective
function from Eq. (7)

22: s best < s_candidate;

23: // Adaptive tabu tenure: increase when improving
24: tabu_tenure <~ tabu_tenure X 1.1;

25: else

26: /I Adaptive tabu tenure: decrease when not im-
proving

27: tabu_tenure < tabu_tenure X 0.9;

28: endif

29:

30: // Tabu List Management
31: Update tabu list T:

32: - Add reverse move of current solution to T

33: - Set tenure for this move to current tabu_tenure
34: - Remove expired moves from T

35:

36: s current < s_candidate;

37:

38: end for

39:

40: return s_best;

Table 2 Core Parameter Table of the IHTS Algorithm

Parameter Symbol Value/range Explanation
Max_Iterations 500 Maximum number of iterations
Max_Time 300 s Maximum running time

Stop standard
No_Improve Iter 50

The number of consecutive iterations without
improvement

Initial taboo tabu_tenure_init 10

The initial duration of the taboos list

length

Adaptive update Ifa betFer solution is found, increase by 10%;

rules tabu_tenure tabu_tenure * 1.1 or * 0.9 otherwise, decrease by 10%. The upper and lo-

wer limits are [5, 30].

Neighborhood . The number of candidate solutions generated
. N_size 100 . . .

s1ze - in each iteration

Penalty For every 10 iterations, if the solution is feasi-

coefficient o*, B* The initial 0=100, =150 ble, multiply the coefficient by 0.95; if not,

update multiply it by 1.05.
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Fig. 6. Comparison results of algorithm efficiency and performance

Compared to Q-learning and Metropolis-GA, the re-
search method reduced the number of task queues by
51.22% and 41.18%, respectively. The outcomes de-
note that the research method performs better in pro-
cessing efficiency, can complete tasks faster, and
thus reduce queues. The study continued to validate
the model from multiple perspectives, evaluating the
total amount of containers scheduled by the model
and the amount of unfinished ones. The results are
shown in Figure 7.

Figure 7 (a) showcases the total amount of contain-
ers scheduled by the algorithm, where the total
scheduling results of Q-learning, Metropolis-GA,
and the research method at 60 minutes were 48, 75,
and 110, respectively. The findings reflected the ex-
cellent performance of the research method in

120
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scheduling capability and efficiency, with improve-
ments 0f 46.67% and 129.17% compared to Metrop-
olis-GA and Q-learning. Figure 7 (b) showcases the
amount of unfinished tasks for the algorithm. At the
60 minute time point, there were 15 unfinished tasks
for the research method, 25 unfinished tasks for Me-
tropolis-GA, and 33 unfinished tasks for Q-learning.
The results demonstrated the advantages of the re-
search method in terms of efficiency and capability
in scheduling tasks, with higher total scheduling
numbers and lower number of unfinished tasks indi-
cating the effectiveness of the method in algorithmic
scheduling scenarios. The results of container sched-
uling path length for different algorithms are shown
in Figure 8.
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Fig. 7. Comparison of total container scheduling and unfinished number in the model
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Figure 8 shows how different algorithms evaluate
the path planning performance of each algorithm at
the granularity of a single loading task. In this sce-
nario, the performance metric is the complete path
length from the starting point to the destination point
planned by the algorithm for a single transport vehi-
cle. The Metropolis-GA began to converge at the
50th iteration, and the final convergence value of
container scheduling path length was 125m. The Q-
learning algorithm converged at the 42nd iteration,
but the path length converged to 141m. The research
method converged at the 30th iteration, with a path
convergence length of 108m. The results indicated
that the research method not only improved the con-
vergence speed, but also achieved a shorter total
path length in path planning, which means it can im-
prove scheduling efficiency and reduce operating
costs.

4.2. Practical application analysis

To further evaluate the robustness and efficiency of
the algorithm in long-term operation, the study ex-
tended the simulation time to a standard 8-hour work
shift and examined the total cumulative driving path
of the vehicle during this period. This indicator can
more comprehensively reflect the algorithm's com-
prehensive scheduling capability and its impact on
energy consumption. Under this measurement, the
total length of the path reaches the order of several
kilometers, which is caused by the accumulation of
dozens of transportation tasks carried out by

vehicles within the shift system. The research sets
up a working area for a container yard with a length
and width of 50 meters each. To simplify the initial
model and focus on the core performance of the path
optimization algorithm, the following basic assump-
tions are made in the study: the containers are placed
in a single layer and not vertically stacked. The po-
sition of the container in the yard is determined by
the center coordinates of its bottom surface, forming
a two-dimensional planar layout grid. Among them,
the horizontal spacing of the containers is 4 meters
and the vertical spacing is 2 meters. Four ground
mobile loaders are used as loading and unloading
equipment. This equipment model simulates the
working mode of common straddles or reach cranes
in ports, which move in a two-dimensional plane and
perform loading and unloading operations. The
study proposed a method for planning container
loading of loaders, and the results are shown in Fig-
ure 9.

Figure 9 (a) showcases the research method for con-
tainer loader path scheduling. The results showed
that the loader path was distinct, with corresponding
loaders responsible for different channels. There
were no intersections on the route, and there were a
total of 12 turning points in the path. Figure 9 (b)
showcases the path length results of container loader
scheduling. At the 50 minute time point, four loaders
traveled 2000m, 1800m, 1600m, and 1200m respec-
tively, for a total of 6600m. The container loading
planning of Metropolis-GA is shown in Figure 10.
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Fig. 10. Container loading planning results of Metropolis-GA

Figure 10 (a) shows the container loader path sched-
uling diagram of Metropolis-GA, which shows that
the loader path was clear, but all channels and con-
tainer cargo positions were not covered. Although
there were no intersections on the route, there were
a total of 21 turning points on the path. Figure 10 (b)
shows the path length results of container loader
scheduling. At the 50 minute time point, four loaders
traveled 2000m, 1800m, 1700m, and 1500m respec-
tively, for a total of 8000m. The container loading
planning of Q-learning algorithm is shown in Figure
11.

Figure 11 (a) shows the path scheduling diagram of
the container loader using the Q-learning algorithm.
The outcomes showed that the loader paths inter-
sected, and there were a total of 21 turning points in
the path where most of the channels and container
cargo positions were not covered. Figure 11 (b)
shows the path length results of container loader
scheduling. At the 50 minute time point, four loaders
traveled 2450m, 2700m, 2400m, and 2800m respec-
tively, for a total of 8350m. Comparing the results
of Figures 9, 10, and 11 comprehensively, Metropo-
lis-GA and Q-learning algorithms showed short-
comings in path coverage and efficiency, especially
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Q-learning, which may result in poor path design
due to the randomness in the policy learning process.
The research method reduced the travel distance of
the loader and improved the clarity of the path
through reasonable path planning and scheduling
strategies, reducing the time and efficiency losses
caused by intersections. To gain a more intuitive un-
derstanding of the delivery situation, a study was
conducted to compare the cost of container cargo lo-
cation delivery. To ensure the statistical reliability
and universality of the experimental results, each ex-
perimental scenario was independently repeated 30
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(a) The scheduling results of the research method

35 40 45 50

(=)

Path length/m

times. All the result data reported below (including
the values in the tables and figures) are the arithme-
tic mean of the results of 30 runs, with standard de-
viations attached. In addition, to evaluate the statis-
tical significance of the performance differences of
the algorithms, we used the paired sample t-test
(when the data conformed to a normal distribution)
or the Wilcoxon signed-rank test (when the data did
not conform to a normal distribution), with the sig-
nificance level set at p < 0.05. For specific results,
please refer to Table 3.
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Fig. 11 Container loading planning results of Q-learning algorithm

Table 3 Comparison of cost distribution across loaders and global total cost for different algorithms (Unit:

RMB, Note: * indicates P<0.05 compared with IHTS)

. Transportation = Damage cost Proportion of da- Total cost of a single
Algorithm Loader cost (yuan) (yuan) mage cost (%) machine (yuan)

Loader -1 100.23+5.1 22.71+1.8 0.185 122.9446.2
Loader -2 120.51+6.3 27.83+2.1 0.188 148.34+7.5
HTS Loader -3 135.75+7.0 31.56+2.5 0.189 167.31+8.1
Loader -4 140.46+7.2 29.2342.3 0.172 169.69+8.3

Total/Average 496.95+21.5 111.33+7.2 0.183 608.28+26.8
Loader -1 160.92+8.9 20.1842.0 0.111 181.10+9.8
Loader -2 110.33+6.8 32.504+2.7 0.227 142.8348.1
Metropolis-GA Loader -3 145.2548.1 27.00+2.4 0.157 172.2549.0
Loader -4 125.67+£7.5 30.00+2.6 0.193 155.67+8.7

Total/Average 542.17426.3 109.68+7.8 0.168 651.85429.5*

Loader -1 155.4449.5 30.9842.9 0.166 186.42+10.8
Loader -2 130.24+7.9 25.41+2.5 0.163 155.6549.1

Q Learning Loader -3 170.20+10.1 28.5242.7 0.144 198.72+11.3

Loader -4 145.71+8.7 35.70+3.1 0.197 181.41+10.2

Total/Average 601.59+31.2 120.61+£9.1 0.167 722.20+35.8*
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The results in Table 3 show that the IHTS algorithm
proposed in the research demonstrates the best com-
prehensive performance in container loading sched-
uling, with a global total cost of only 608.28 yuan,
which is lower than 651.85 yuan of the Metropolis-
GA algorithm and 722.20 yuan of the Q-learning al-
gorithm. Specifically, the IHTS algorithm per-
formed outstandingly in transportation cost control,
at 496.95 yuan, which was approximately 8.3% and
17.4% lower than Metropolis-GA and Q learning re-
spectively. The damage cost was 111.33 yuan, alt-
hough slightly higher than Metropolis-GA's 109.68
yuan. But it is far lower than the 120.61 yuan of
QLearning. Furthermore, the proportion of damage
costs in the total cost in IHTS is 18.3%, which is
higher than the 16.8% and 16.7% of the other two
algorithms. This indicates that IHTS effectively oft-
sets the slightly higher damage risk by significantly
reducing transportation costs, thereby minimizing
the overall operating cost. The standard deviations
of each cost item are relatively small, reflecting the
stability of the results and verifying the reliability
and superiority of this method.

5. Discussion

The research results indicated that the raised real-
time loading optimization framework based on
RFID could complete 45 tasks within 60 minutes,
showing significant advantages compared to 30
tasks based on improved Q-learning and 35 tasks
based on Metropolis-GA. This framework combined
real-time data management components and deci-
sion-making components, enabling task requests
and loading strategy adjustments to quickly reflect
real-time changes and provide rapid response capa-
bilities to dynamic requests. In terms of path length,
the studied path length was 108 meters, lower than
Metropolis-GA's 125 meters and Q-learning's 141
meters. In the cost analysis, the total delivery cost of
the proposed method was 608.28 yuan, which re-
flects its significant advantage in cost control com-
pared to Metropolis-GA at 651.85 yuan and Q-learn-
ing at 722.20 yuan. The model could adjust the load-
ing plan based on real-time RFID data, allowing
more containers to be scheduled and loaded in a
timely manner. By combining adaptive taboo search
strategy and neighborhood search strategy, the opti-
mization of loading paths was effectively improved.
In the same type of research, Su et al. (2022) estab-
lished a mathematical model for profit maximization

dynamic scheduling that adapts to dynamic priority
for logistics pickup and distribution problems, and
solved it through GA, variable neighborhood search
algorithm, and taboo search algorithm. The study
compared their proposed method with the best solu-
tion of benchmark instances, and the results showed
that their method could improve over 35% of the to-
tal distance and 30% of the vehicle situation. Zhong
et al. (2023) proposed an optimal scheduling strat-
egy for AGV based on a novel two-layer genetic al-
gorithm to effectively integrate and schedule differ-
ent equipment in automated container terminals.
Simulation results showed that this method opti-
mized the current scheduling strategy and reduced
the path energy consumption of AGV. Although the
above methods have certain effects, compared with
research methods, they are difficult to quickly adapt
to market changes and still have gaps in real-time
updates and dynamic scheduling.

In actual container yards, after the introduction of
vertical stacking, the problem space model needs to
be expanded from two dimensions to three dimen-
sions, and the optimization model needs to incorpo-
rate the complex constraints brought by stacking, es-
pecially the restrictions on loading and unloading se-
quence: before extracting the lower layer of contain-
ers, all the containers pressing on top need to be
moved away, thereby generating a large amount of
inefficient "mobile operations". The optimization
objective thus shifts to a trade-off between "path op-
timization" and "reducing mobile operations", while
also taking into account physical constraints such as
stacking stability and load-bearing safety. Despite
the challenges, the IHTS algorithm framework pro-
posed in this study has the potential for expansion
and can address such three-dimensional layout is-
sues by redefining node states (including three-di-
mensional positions and stacking states) and intro-
ducing targeted "pre-occupation" operations.

On the other hand, if the operation equipment is
changed from ground transport vehicles to rail-
mounted overhead cranes, the optimization para-
digm of the entire operation system will undergo a
fundamental transformation. The overhead crane
runs along a fixed track, and its operation range co-
vers the area above the box. The optimization core
has shifted from "planar path planning" to "three-di-
mensional fixed-point operation scheduling". At this
point, the connotation of the "path length" indicator
changes. The optimization objective is no longer the
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planar movement distance, but the "estimated oper-
ation time" that includes actions such as the move-
ment of the main vehicle, the movement of the small
vehicle, and the lifting of the lifting gear. Although
the problem of path intersection between devices no
longer exists, multi-machine collaborative schedul-
ing, job area avoidance and task allocation optimi-
zation have become key. Despite these differences,
this study, based on the core framework of real-time
data acquisition by RFID, dynamic processing of
task queues through decision-making components,
and generation of scheduling instructions using an
optimization solver, still holds significant reference
value and application potential in the overhead crane
dispatching system, indicating that the proposed
method has universal guiding significance at the
conceptual level.

6. Conclusion

Against the backdrop of an increasingly complex
global logistics network, the China Europe freight
train, as an important trade channel connecting
China and Europe, is receiving increasing attention
to the optimization of container transportation load-
ing. With the increasing demand for transportation
efficiency and cost control, traditional loading strat-
egies are facing the problem of being unable to re-
spond to dynamic market demands in a timely man-
ner. A novel real-time loading optimization frame-
work was proposed to address the practical chal-
lenges of container transportation on the China Eu-
rope freight train. The framework effectively com-
bined RFID technology with decision-making
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