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Abstract: The global logistics industry is currently facing a number of challenges, including
labor shortages and inefficiencies due to a lack of logistics facilities and resources, as well as
increasing disruptions. Under these circumstances, Physical Internet (Pl) is attracting
attention as an innovative logistics system that can realize a sustainable society by sharing
warehouses, trucks, and other means of transportation, improving utilization rates, and
reducing fuel consumption. One of the important research themes in Pl implementation is how
to determine the location of logistics hubs and associated transport routes. In this research, we
propose a reinforcement learning-based hybrid algorithm that combines NeuroEvolution of
Augmenting Topologies (NEAT) and Lin-Kernighan Heuristic (LKH-3) to solve the location
and route optimization problem. To evaluate the proposed hybrid algorithm, we applied real
data from Japan to simulations and evaluated the performance of NEAT. The simulation results
suggest that the proposed model could quantify the reduction of CO2 emissions in different
scenarios, thus identifying the optimal scenario.

Keywords: Physical Internet, Transport Route Optimization, Logistics Hub, Lin-Kernighan
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Physical Internet (PI) Roadmap Fitness: Select the most relevant area(s) for your paper
according to the Pl roadmaps adopted in Europe and Japan: [ ] PI Nodes (Customer Interfaces,
Logistic Hubs, Deployment Centers, Factories), [] Transportation Equipment, X PI Networks, X
System of Logistics Networks, []Vertical Supply Consolidation, [JHorizontal Supply Chain Alignment,
[J Logistics/Commercial Data Platform, [ ] Access and Adoption, [J Governance.

Targeted Delivery Mode-s: [X] Paper, [ ] Poster, [JFlash Video, [X In-Person presentation

1 Introduction

With the rapid increase in Internet usage, online shopping has consistently grown as a
percentage of total retail sales and absolute sales volume. In recent years, especially with the
pandemic of the new coronavirus, online retailing has grown explosively, especially in grocery,
apparel, food, and many more industries (Mohammad et al., 2023). For example, the BtoC e-
commerce (EC) market size and EC conversion rate in Japan's goods sales sector increased
from 599.3 billion yen and 3.85% in 2013 to 1399.7 billion yen and 9.13% (METI). As the
volume of online shopping increases, demand for freight forwarding services is growing, and
freight forwarding services face two challenges: reducing profit margins due to the high
frequency of smaller shipments and reducing greenhouse gas emissions. For logistics providers,
keeping cost efficiency and service levels high in the distribution system is key to staying
competitive in the online shopping business (Anderson et al., 2007). Meanwhile, freight
transport is seen as one of the most difficult sectors of the economy to decarbonize, as it is the


mailto:enna.hirata@platinum.kobe-u.ac.jp

Reinforcement Learning-Based Optimization of Logistical Hubs and Routing
in the Context of the Physical Internet - A Case Study from Japan

only industry with ever-increasing emissions (McKinnon, 2016). Under these circumstances,
the Physical Internet (PI) is currently attracting attention as the ultimate logistics efficiency
measure (Montreuil et al., 2010). The central concept of the PI logistics system is to use
advanced modular containers through transit centers (known as PI hubs) to create a highly
efficient transport network that optimizes the opportunities for consolidation (Venkatadri et al.,
2016). This study aims to solve these problems by optimizing the placement of PI nodes and
truck routes between nodes. The goal is to reduce the number of trucks, reduce fuel
consumption, and minimize greenhouse gas emissions. To solve this problem, we propose a
new hybrid algorithm that combines NeuroEvolution of Augmenting Topologies (NEAT) and
Lin-Kernighan Heuristic (LKH) -3. The proposed model is applied to Geographic Information
System (GIS) data for empirical validation. The contributions of this work can be summarized
in three areas: 1) introduction of the PI concept to logistics networks, 2) improvement of
existing optimization methods, and 3) incorporation of realistic route calculations using real
data for validation. The remainder of this paper is organized to provide a comprehensive
overview, including a review of previous studies on the PI concept, a detailed methodology for
addressing the logistics problem, a description of the data used, experimental results, and
conclusions. The literature review reveals a growing body of research on PI, with various
models demonstrating the potential benefits of PI in terms of efficiency, sustainability, and cost
savings. However, this study fills a gap in the existing literature by presenting a novel model
that integrates the concept of PI with optimal logistics hub placement and route optimization.

2 Literature review

The PI concept was introduced by Montreuil in 2010, who defined PI as an open, global
logistics network built on the efficient and sustainable interconnection of all aspects of the
logistics process (Montreuil et al., 2010). The PI concept has attracted numerous stakeholders
who support the development of PI logistics networks in the last few years. ALICE! and JPIC?
were formed to promote the practical application of the PI concept by aligning the interests of
experts with those of companies and other stakeholders. Demonstration studies for practical
application of PI concepts such as MODULUSHCA and ICONET are underway, mainly in
Western countries. The literature on PI has increased dramatically over the past decade. The
literature on PI has increased dramatically over the past decade. Previous studies and future
issues related to PI have been summarized by Neila et al. (2022) and Miinch et al.(2022). The
challenges of PI distribution and transportation network optimization, optimized routing,
loading patterns, and truck scheduling are being addressed by many researchers. Table 1 is a
consolidated and redacted version of the table prepared by Neila et al. (2022) for PI distribution
and transportation network optimization and optimized routing. In the table, the decision-
making levels are classified as L1: strategic, L2: tactical, and L3: operational. The table also
classifies sustainability dimensions as D1: economic, D2: social, and D3: environmental.

After 2020, more and more studies are using hybrid heuristic algorithms. Pan et al. proposed a
hybrid algorithm integrating genetic algorithms (GA) and LKH for a collaborative delivery
network using parcel lockers (Pan et al., 2019). Feng et al. proposed crowdsourced integrated
production and transportation for smart city logistics for the scheduling problem using a genetic
algorithm and showed that GA outperformed the commercial mixed integer programming
problem (MIP) solver CPLEX (Feng et al., 2021). However, multi-agent system (MAS) is often
used to optimize PI transport networks, and none of the studies have incorporated artificial
neural networks or other techniques into their research methodology. It is clear from this

! ALICE: Alliance for Logistics Innovation through Collaboration in Europe

2 JPIC: Japan Physical Internet Center
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literature review that research leading to the realization of PI has developed significantly over
the past decade. Recent studies have proposed various models that confirm the usefulness of
logistics networks in the framework of PI. This study proposes a method to incorporate a new
artificial neural network into a model that addresses the optimal placement of logistics hubs
and optimization of delivery routes in the framework of PI. Furthermore, it makes a significant
contribution to the literature by presenting it together with empirical validation using real data.

Table.1 Classification of literature on Pl distribution and transportation network optimization and
optimized routing

Authors Year Methods Levels Dimensions
Chargui et al. 2019  MAS (multi-agent system) L2+L3 DI1+D3
Gontara et al. 2018  BGP (border gateway protocol) L3 D1
Fazili et al. 2017  MC (Monte-Carlo simulation) L2+L3 DI+D3
Venkatadri et al. 2016  MIP (mixed integer programming) L2+L3 D1
Walha et al. 2016  SA (simulated annealing) L2+L3 D1
Montreuil et al. 2012  KPIs (key performance indicators) L1 D1+D2+D3
Zheng et al. 2019  MAS L3 D1+D2+D3
Ben Mohamed et al. 2017  MIP L3 D1+D2+D3
Chen et al. 2016  DES (destination-orientated spreading) L3 D1+D2+D3
Pan et al. 2021  GA L3 D1+D2+D3
Feng et al. 2020 GA LI1+L3 D1+D2
Zhang et al. 2023  MIP L1+L2 DI1+D3
Lietal 2023  HA (heuristic algorithms) L1+L3 D1+D2
Essghaier et al. 2023  MIP L3 Dl
Jietal. 2023  MIP L2+L3 D1+D2
Kantasa-ard et al. 2023  MIP L3 D1+D2+D3
H. Liu et al. 2024  MIP L1+L3 D1+D3
Liu X. et al. 2024  SOP (stochastic optimization programming) L2+L3 D1+D2

3 Formulation of the mathematical model

This section describes the challenge of identifying optimal locations for logistics hubs and
devising efficient vehicle routing strategies for delivery companies operating within the PI. We
also present a model designed to address this particular problem. The model incorporates a
clustering approach, and a detailed description of this approach is provided, as well as a hybrid
algorithm that combines NEAT and LKH-3.

3.1 Assumptions

To construct the model of the joint delivery network, let S be the set of suppliers and C be the
set of customers. pa = (s, ¢) denote the delivery task, where pa = [10,30,60], where goods
are transferred from supplier s to collection point Sc between logistics node [ in set L and
collection point C,, and from there to customer c delivery. In the context of our modeling, we
assume that each customer (called a distributor) generates a single delivery request addressed
to a single customer (distributor). Given this basic assumption, the set of requests As(A.)
originating from supplier s (for customer c) contains exactly one delivery task. Furthermore, to
keep the model simple, we do not specify pickup or delivery times.

3.2 Logistics nodes

The logistics nodes set, denoted as L, includes all logistics nodes identified by their
geographical positions. Within L, there exists a delivery task represented as pa = (s, c). Each
logistics hub is equipped with a capacity of g; = 2000. We assume the existence of a transport
service for the exchange of goods between logistics nodes, if necessary. The costs of setting up
logistics hubs are not considered and their capacities are known a priori. Accordingly, the
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collection points S, ,C,. are connected to the nearest logistics hub. It is assumed that S, ,C, can
replace the logistics hub 1 that is supposed to be newly generated.

3.3 Transport by trucks

For the transport of goods, a set of trucks VV can be operated and these vehicles are associated
with a collection point or a distribution centre. The set of vehicles includes three types of trucks
with different carrying capacities g, = [10,30,60]. Operational costs, consisting of financial
and environmental costs due to truck ownership, are not considered.

3.4 Constraints

The proposed model has a structure consisting of three levels. First, any given number of
suppliers and customers are clustered using the fuzzy c-means method to obtain supplier
agglomeration S, and customer agglomeration C.. Next, we consider the least-cost trucking
network flow problem associated with generating an appropriate number of distribution points
between agglomerations by NEAT, and finally, we address the multi-depot capacity vehicle
routing problem between agglomerations and distribution points by LKH-3. Given a set of
vehicles V tasked with picking up goods at pickup point S, let x;;, = 1if vehicle v € V moves
from node i to node j (either supplier or pickup point) (i,j € S U {d}) and x;;,, = 0 if it does
not move. The variable x;j,, is used to indicate the transportation route of trucks from the
supplier's depot S. to the logistics depot [, and the variable z;;, is used to indicate the
transportation route of trucks from the logistics depot [ to the customer depot C.. The multi-
depot capacity vehicle routing problem does not explicitly consider demand, vehicle, and DC
capacity constraints. Instead, they are considered in the least-cost trucking network flow
problem. In the formulation of the least-cost trucking network flow problem, we classify
collection points, logistics nodes, and trucks as intermediate nodes, while suppliers and
customers are designated as "origin" and "destination" nodes, respectively. The objective is to
efficiently distribute goods throughout the network while adjusting for capacity constraints at
each node. The optimization aims to meet the demand requirements at the origin and destination
nodes while minimizing the total truck mileage. The binary variable y;; represents a flow
variable, specifying whether the goods in delivery task a pass through node i and node j, and
adapts all capacity constraints through y;;. Next, we consider the least-cost track network flow
problem together with the multi-depot capacity vehicle routing problem. When node 1 is a
supplier, the binary variable yl-o]‘- is defined by the vehicle flow variable x;;,,. The right side of
(1) represents the number of loads sent by the supplier. The maximum value of the right side is
1.

Yiesu{3 Xsjy = Xaca Yoo VIELVVEV,VSES )

Once the connection between the parcel flow and vehicle flow variables is set, the vehicle and
depot capacity constraints are imposed using the variable yl"]‘

Yses naea, PAYsy <q, VYV EV,VIEL )

Yvev Lses PAYs < qy Viel (3)
The left sides of (2) and (3) determine the total quantity of goods carried to track v and
distribution point 1, respectively. The same capacity constraints as in (2) can be applied to the
trucks used.
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(4) determines the number of logistics hubs to be used (¢) and limits the number of logistics
hubs to be used by a maximum value n. (5) represents the distance between the logistics hub
and the supplier's collection point and the minimum distance between the logistics hub and the
customer's collection point. (6) is the sum of the difference between the total cargo at the
distribution depot and the capacity of the distribution depot and the total truckload capacity and
the capacity of the distribution depot. Adapt the difference between (5) and (6) as the evaluation
function. C,.pnaiy1s the penalty coefficient. Figure 1 is a flow diagram of the algorithm.

3.5 Neuro Evolution of Augmenting Topologies (NEAT)

NEAT is a method proposed by Stanley et al. (2002) that uses GAs to optimize the structure
and weights of neural nets for a problem. NEAT addresses the challenges associated with
evolving neural networks, including the delicate balance between exploring new architectural
possibilities and reusing existing solutions. In contrast to traditional neural network
optimization methods which require human design and hyperparameter adjustment, NEAT uses
a process modeled on genetic algorithms. Its starting point is a population of small, simple
neural networks, or "genomes. Through processes such as mutation, crossover, and selection,
these genomes evolve over many generations into more complex and sophisticated network
structures.

3.6 LKH-3

The LKH-3 heuristic solver developed by Helsgaun (2017) demonstrates its adaptability in
solving a wide range of problems involving capacity, time, pickup, and distance constraints
(known as vehicle routing problems or VRP) (Helsgaun, 2017). It also excels at handling
facility processing constraints and multi-traveling salesman problems (mTSP), and sensitivity
analysis can be used to guide and constrain the solution search. In our study, we used a Python
library known as elkai (Dimitrovski 2023) based on LKH-3. This library has been shown to
provide optimal solutions for problem sizes up to N=315, outperforming the accuracy of
Google's OR tool. It also simplifies the retrieval of results with a single line of code.

4 Introduction to data

Data on logistics facilities and factory sites were obtained from e-Stat, a government statistics
portal site, where GIS data for each prefecture was combined into a single dataset and converted
into a format suitable for the purpose of the survey (e-Stat, 2023). Average total floor area data
from 2019 to 2022 was used as an indicator for the total floor area of distribution centers.
Warehouse area data was the product of the allowable storage volume (1900 m3), which is the
floor area of each building divided by the number of buildings, the assumed height of the
storage building (5.5 m), and the occupancy rate (40%). Truck bed dimension data was
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obtained from Isuzu Motors, a Japanese automobile manufacturer that mainly produces trucks,
buses, and other commercial vehicles. Table 2 shows the capacity of the warehouse and the
three types of trucks used in the simulation.

Table 2. Warehouse and truck capacities

Type Capacity (m®)
Warehouse 1900
Light-duty trucks (2t) 12
Medium trucks (4t) 34
Heavy trucks (10t) 59

5 Depiction of the results and evaluation of the proposed algorithm

Depiction on map

The map displays the actual simulation results for determining the optimal placement of
logistics centers and the corresponding delivery routes. Optimal routes are indicated by black
lines, suppliers by red dots, supplier cluster centers by red pins, customers by blue dots,
customer cluster centers by blue pins, and logistics nodes by green pins. Figure 2 depicts only
centers, lockers and their routes.

Figure 1. Drawing on the map (1) Figure 2. Drawing on the map (2)

5.1 Evaluation of NEAT

The graphs in Figure 1 show the maximum fitness of NEAT for different population numbers
(20, 30, 40, 50, and 60), the maximum fitness per generation, and the average fitness. In the
early generations, the population had a low level of adaptation; once NEAT was initiated, the
level of adaptation increased rapidly during the early stages of evolution. Later, after a certain
number of generations, the level of adaptability reached a stable state and became less variable.
The graph in Figure 2 compares the results of NEAT with different population numbers (30,
40, 50, and 60). In the case of our algorithm, the best results are shown when the population is
40.

Research Contribution 6



Reinforcement Learning-Based Optimization of Logistical Hubs and Routing
in the Context of the Physical Internet - A Case Study from Japan

5.2 Sensitive test

Sensitivity test was performed with Cy,epqity as [0,250,500,750,1000] The population number
of NEAT was fixed at 40.
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Figure 5. Sensitive test

6 Conclusion

Optimal location of distribution centers and optimization of delivery routes in the physical
Internet are indispensable for the establishment of an efficient logistics system. The sharing of
logistics resources can improve the efficiency of logistics processes, reduce costs, and mitigate
environmental burdens. In this study, a method is proposed to identify the optimal location of
logistics centers using NEAT, and to calculate the shortest and optimal delivery routes using
LKH-3.

This paper contributes to research related to urban logistics, physical Internet, and logistics
hubs. In addition, the proposed hybrid method using LKH-3, clustering, and genetic algorithm
to derive the optimal number of clusters is applicable to other real data sets such as factory sites,
logistics hubs, and important logistics roads, and can be applied to solve real problems in
society.

This study is currently limited to truck transportation. There remain challenges, such as the
combination of appropriate transportation modes among different modes based on the concept
of physical Internet and the optimization of transportation planning. Future studies may focus
on addressing these issues and developing more practical optimization models. In general, this
study provides a novel method to obtain important insights for the optimal location of logistics
hubs and the optimization of delivery routes.
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Figure Al. Algorithm flow diagram
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