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 Multimodal transport hubs (MTH) improve the operations between different transport modes, 
creating quasi-seamless connections between origin-destination locations. These hubs can fully use 
the advantages of various modes of transportation and avoid the limitations and cost pressures 
caused by a single mode. However, locating where to situate these hubs is a complex and critical 
process. Recent site location selection studies only assume that the hub is unstable under a single 
transportation mode, with uncertain demand and uncertain costs, which is very different from 
reality. This work approaches the hub selection problem following a particle swarm-simulated 
annealing algorithm constrained by transportation demand and cost. A case study was conducted 
in Northeast China, selecting six hubs responsible for about 93% of the cargo flow in the network. 
Our results suggest that selecting transportation demand and cost for a comprehensive analysis of 
hub location selection will optimize the hub layout and reduce the total system cost. The scale of 
freight efficiency would be improved compared to the existing transportation network. 
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1. Introduction 

As global trade continues to expand, the demand for supply chain resilience becomes increasingly critical (Han et al., 2023), 
optimizing logistics models and enhancing transportation efficiency and sustainability have become imperative. Relying on a 
single mode of transport is increasingly inadequate for tackling the complex challenges of global supply chains, with its 
bottlenecks becoming more pronounced in terms of cost, timeliness, and environmental impact. Multimodal transport, by 
seamlessly integrating the strengths of various transport modes , offers an efficient, flexible, and low-carbon door-to-door 
logistics solution (Priemus, 1999). Thus, MTH functions as strategic anchors within integrated transportation systems (Long 
et al., 2021; Wang et al., 2024). By orchestrating multi-modal networks, they generate substantial economic agglomeration 
effects and spatial radiation across surrounding regions (Caris et al., 2008). Nevertheless, optimal MTH siting remains a 
critical open research challenge with no universal solution due to multifactorial economic and physical constraints (Fridell et 
al., 2011; Habibi et al., 2018). Crucially, suboptimal location decisions – given prohibitive sunk costs and infrastructure 
immobility (Ma et al., 2023), entail irreversible long-term resource misallocation risks. Consequently, systematically 
exploring location scenarios that achieve strategic cost-benefit optimization has emerged as a pivotal imperative for enhancing 
national logistics resilience. Demand uncertainty and transportation cost volatility constitute primary decision variables in 
hub location planning (Merakli & Yaman, 2017). Demand uncertainty manifests as multidimensional stochastic complexities, 
including: facility failure risks (Jiang et al., 2017), daily supply consumption fluctuations (Sun & Qu, 2019; Lai et al., 2020), 
stochastic demand patterns (Lozkins et al., 2019; Liu & Zhang, 2020), path reliability disruptions (Fan et al., 2018; Han et al., 
2023), and environmental quality shocks (Wang et al., 2018). Crucially, demand uncertainty triggers nonlinear cost escalation 
via cascade effects, operational expenditures in chain distribution centers (Chen et al., 2008; Shen, 2013), as well as 
construction/management costs of logistics parks (Zhang et al., 2020), exhibit sensitivity to demand volatility. Conversely, 
cost-reduction strategies such as commodity segmentation, multimodal system integration, and capacity-modulated network 
design (Karimi & Bashiri, 2019; Hatipoğlu et al., 2024) achieve efficiency only when predicated on rigorous uncertainty 
quantification models. Nevertheless, previous research usually considers one single transport mode and either uncertainty. 
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Fewer studies present a coherent model that includes all these necessary factors. For example, Li et al.(2025) propose a 
hierarchical hub location model optimizing the spatial distribution, quantity, and capacity of urban-town-village logistics hubs 
to minimize expected total system costs.However, the model focuses exclusively on demand stochasticity and does not 
incorporate multimodal transport integration. Liu et al.(2020) study the optimal allocation problem of three-level locations of 
transfer centers, processing plants and distribution centers in the supply chain network of one single transport mode under 
uncertain transportation costs and customer demands; Taheri et al. (2023) integrate multimodal transport hubs into the 
multimodal transport network with the goal of minimizing the total value of internal and external freight transportation costs, 
but there is no consideration for uncertainty; While Zhao et al. (2020) pioneered uncertainty modeling by correlating discreet 
shipping demand characteristics with hub selection decisions, offering valuable route optimization insights for enterprises,  the 
work solely addresses demand stochasticity and overlooks multimodal transport integration. Gu and Liu (2021) formulate a 
multi-objective hub location-allocation problem with critical model parameters under uncertainty, explicitly investigating the 
functional significance of hub networks in transportation systems. However, this framework solely addresses stochastic 
factors and does not encompass multimodal transport integration. 
  
In this work, many articles use heuristic algorithms (Morshedin et al., 2024), but we present a model that minimizes the cost 
of MTH's location selection problem when transportation demand and cost are simultaneously uncertain. Our model is based 
on the particle swarm-simulated annealing algorithm (Liu et al., 2017), which is used to design and solve such a model. To 
test our ideas, a real calculation example in Northeast China was used to generate a site selection plan, discuss and analyze 
the site selection results, and conduct a sensitivity analysis to explore the impact of the two factors of transportation demand 
and cost on the site selection results. The rest of this work is organized as follows: Section 2 describes the problem of uncertain 
demand and cost and defines our MTH location selection model; Section 3 designs the particle swarm-simulated annealing 
algorithm used to solve the model to verify the effectiveness of the model established in this article; Northeast China is 
selected for case study and analysis in Section 4, and finally, we present our conclusions and future research in Section 5. 
 

2.  Modelling the Problem of Uncertain Demand 
 

2.1  Hub-and-spoke logistic network 
 
In this analysis, we used a hub-and-spoke logistics network (Weng et al., 2006, 2007; Tan et al., 2009; Zhang, 2012), which 
is a network configuration where all nodes (cities) are connected to a central hub for data (goods) exchange and 
communication (Liu & Wang, 2014). In this type of network, goods are gathered and transferred through major cities to a 
transportation network that reduces the network's total number of transportation paths for cost optimization (Zhang & Huo, 
2005). In the multimodal transport model, the transportation modes in the hub-and-spoke logistics network are diversified. 
Road transportation collects goods from non-nodes and transports them to the central node (Abbassi et al., 2018). In contrast, 
the transportation mode between central hubs is railway transportation, which has a more scale effect, or air transportation, 
which is more reflective of time characteristics. Assuming an inland scenario, we can describe the multimodal transport 
problem as a logistics network consisting of I demand points, H MTH points, and a port or Intermodal transport network. In 
this network, the demand flows arrive by road at the hub and are then transferred to the port by rail or road (Fig. 1).  In the 
process of goods transportation, there are two situations: cargo flow single-allocation transportation and multi-allocation 
transportation: 
 

 
Fig. 1. Topology diagram of multimodal transportation hub network. Image produced by the authors. 

 

 

Cargo flow single allocation refers to a specific logistics network in which non-hubs or nodes can only connect to a single 
central node. All goods entering and leaving this noncentral node must be transported through this single central node. This 
allocation method simplifies the network structure and reduces intermediate connections, but it can also lead to excessive load 
on some central nodes. Cargo flow multi-allocation of cargo flow allows a non-hub node to connect to multiple hub nodes. 
Freight flows entering and exiting noncentral nodes may pass through various central nodes for transit transportation. This 
method has greater flexibility, allowing for selecting the optimal transportation route and timely adjustments based on actual 
conditions, thereby reducing transportation costs. However, it also increases the complexity and management difficulty of the 
network. In the MTH network designed in this article, the mode of cargo flow single allocation transportation is adopted. This 
stable transportation relationship can enhance the connection between cargo transportation demand points and MTH while 
reducing the complexity of the logistics network. 

https://webofscience.clarivate.cn/wos/author/record/3993006
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2.2  Uncertain demand in transport hubs 
 

In a MTH network, freight demand at the cargo owner's point is a key factor affecting the location selection of hubs. Freight 
demand fluctuates with seasonal changes, customer needs, and other factors. Moreover, establishing new MTH nodes will 
also stimulate new freight demand, updating the demand parameter in real-time. Here, we adopt a robust optimization method 
using probabilistic scenarios and robustness to account for these uncertain factors. We assume four groups of demand scenario 
sets, 𝑠𝑠1  too 𝑠𝑠4 , where 𝑠𝑠𝑖𝑖 ∈ 𝑆𝑆 , 𝐷𝐷𝐼𝐼𝑠𝑠  represents the freight demand of node I under demand scenario s; 𝑃𝑃𝑠𝑠  represents the 
probability of occurrence of demand scenario s. The carrying capacity of intermodal hubs affects the distribution of cargo 
flows in the system. MTH's decision-making at the throughput capacity level can make the distribution of MTH and cargo 
owners more even and reduce the total system cost. In our model, the MTH has three levels of throughput capacity from which 
to choose. 
 

2.3  Model  
 

The following assumptions are made for the MTH location model: 
 

(1) In the system, the number of cargo transportation demand points is known; 
(2) On each route, the unit transportation cost of the same transportation mode is the same; 
(3) The probabilities of each group of demand scenarios are known; 
(4) The construction cost of a MTH is related to its throughput capacity level, and the throughput capacity and 

construction cost at each level are known; 
(5) The transportation capacity of roads and railways is large enough, so the passing capacity limitations during 

transportation are not considered. 
(6) Demand-point cargo owners only consider one port as the outlet and must consider the competitive relationship 

between MTH. 
 

2.3  Symbol Description 
 

The main symbols involved in the model and their meanings are as follows: 
 

Table 1 
Main parameters and meanings of the model 

Symbol Symbol meaning 
𝐻𝐻 Candidate MTH node set 
ℎ Candidate MTH node, ℎ ∈ 𝐻𝐻 
𝐾𝐾 A collection of throughput capability levels for MTH nodes 
𝑘𝑘 Passability level of a single hub, 𝑘𝑘 ∈ 𝐾𝐾 
𝑐𝑐ℎ𝑘𝑘 The average construction cost when MTH ℎ reaches throughput capacity 𝑘𝑘 
𝑐𝑐1 Construction costs of intermodal transport hubs 
𝑐𝑐2𝑠𝑠 MTH transportation costs under demand scenario 𝑠𝑠 
𝐼𝐼 Demand point set 
𝑖𝑖 Single demand node, 𝑖𝑖 ∈ 𝐼𝐼 
𝑜𝑜 Port node 
𝑆𝑆 Demand scenario set 
𝑠𝑠 single demand scenario,𝑠𝑠 ∈ 𝑆𝑆 

𝑥𝑥𝑖𝑖ℎ𝑜𝑜𝑜𝑜𝑠𝑠  Under demand scenario 𝑠𝑠, with port 𝑜𝑜 as the outlet, the cargo owner chooses the transportation volume served by MTH ℎ with traffic 
level 𝑘𝑘 

𝑑𝑑𝑖𝑖ℎ Road transportation distance from demand point 𝑖𝑖 to MTH ℎ 
𝑐𝑐𝑖𝑖ℎ Road transportation cost from demand point 𝑖𝑖 to intermodal transport hub ℎ 
𝑐𝑐𝑇𝑇 Unit road-rail transfer costs at intermodal hubs 
𝜆𝜆 Rail freight discount factor 
𝑑𝑑ℎ𝑜𝑜 Railway transportation distance from MTH ℎ to port 𝑜𝑜 
𝑐𝑐ℎ𝑜𝑜 Rail transportation cost from intermodal hub ℎ to port 𝑜𝑜 

𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠  Under demand scenario 𝑠𝑠, the cargo owner directly chooses the transportation volume from demand point 𝑖𝑖 to port 𝑜𝑜 via road 
transportation 

𝑑𝑑𝑖𝑖𝑖𝑖 Road transportation distance from demand point 𝑖𝑖 to port 𝑜𝑜 
𝑐𝑐𝑖𝑖𝑖𝑖 Road transportation cost from demand point 𝑖𝑖 to port 𝑜𝑜 
𝜃𝜃𝑠𝑠 Under demand scenario 𝑠𝑠, the objective function value of any solution 
𝑃𝑃𝑠𝑠 The probability of occurrence of demand scenario 𝑠𝑠 
𝜃𝜃𝑠𝑠∗ The optimal value of the objective function under demand scenario 𝑠𝑠 
𝛾𝛾 Robust factor 
𝐷𝐷𝑖𝑖𝑠𝑠 Under demand scenario 𝑠𝑠, freight demand at demand point 𝑖𝑖  
𝑄𝑄ℎ𝑘𝑘 The maximum throughput capacity of a MTH with throughput capacity level 𝑘𝑘 
𝐵𝐵 Limits on the number of new intermodal transport hubs 
𝑡𝑡𝑖𝑖ℎ Transportation time from demand point 𝑖𝑖 to MTH ℎ 
𝑡𝑡ℎ𝑜𝑜 Transportation time from intermodal hub ℎ to port 𝑜𝑜 
𝑡𝑡𝑙𝑙𝑙𝑙 Road-rail transit time for goods at intermodal transport hubs 
𝑡𝑡𝑖𝑖𝑖𝑖 Transportation time from demand point 𝑖𝑖 directly to port 𝑜𝑜 
𝑡𝑡𝑖𝑖 The maximum transportation time that the cargo owner of demand node 𝑖𝑖 can accept 
𝑧𝑧ℎ𝑘𝑘 0-1 variable, if the candidate point ℎ with level 𝑘𝑘 is selected to build a MTH, it will be 1, otherwise it will be 0 
𝑌𝑌𝑖𝑖ℎ𝑜𝑜𝑜𝑜 0-1 variable, if demand point 𝑖𝑖 transports goods to port 𝑜𝑜 through MTH ℎ with level 𝑘𝑘, then it is 1, otherwise it is 0 
𝑌𝑌𝑖𝑖𝑖𝑖 0-1 variable, if demand point 𝑖𝑖 transports goods directly to port 𝑜𝑜 via road, it is 1, otherwise it is 0 
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2.4  Model building 
 
We begin by defining the cost of MTH. The construction costs of different traffic levels are different for any candidate node 
and can be defined as: 
 
𝑐𝑐1 = ∑ ∑ 𝑐𝑐ℎ𝑘𝑘𝑧𝑧ℎ𝑘𝑘𝑘𝑘∈𝐾𝐾ℎ∈𝐻𝐻 , ∀ℎ ∈ 𝐻𝐻, 𝑘𝑘 ∈ 𝐾𝐾 (1) 

 
MHT includes road and rail transshipment costs at the hub, that is, road costs from the cargo owner's point to the hub, transfer 
costs of goods at the hub, and rail transportation costs from the hub to the port; it also includes direct transportation costs from 
the cargo owner's point to the port. Road transport costs are as follows: 
 
𝑐𝑐2𝑠𝑠 = ���𝑌𝑌𝑖𝑖ℎ𝑜𝑜𝑜𝑜𝑥𝑥𝑖𝑖ℎ𝑜𝑜𝑜𝑜𝑠𝑠 (𝑑𝑑𝑖𝑖ℎ𝑐𝑐𝑖𝑖ℎ + 𝑐𝑐𝑇𝑇 + 𝜆𝜆𝑑𝑑ℎ𝑜𝑜𝑐𝑐ℎ𝑜𝑜)

𝑘𝑘∈𝐾𝐾ℎ∈𝐻𝐻𝑖𝑖∈𝐼𝐼

+ �𝑌𝑌𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠 𝑑𝑑𝑖𝑖𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖
𝑖𝑖∈𝐼𝐼

    (2) 

 
Once costs are defined, the corresponding robust optimization model is as follows: 
 
Objective function: 
 
𝜃𝜃𝑠𝑠 = 𝑐𝑐1 + 𝑐𝑐2𝑠𝑠 (3) 

Eq. (3) represents the composition of the objective function, that is, the sum of hub construction costs and transportation 
costs. 

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓 = �𝑃𝑃𝑠𝑠
𝑠𝑠∈𝑆𝑆

(𝜃𝜃𝑠𝑠 + 𝛾𝛾(𝜃𝜃𝑠𝑠 − 𝜃𝜃𝑠𝑠∗)) (4) 

 
Eq. (4) represents the value of the robust model's objective function, which minimizes the expected cost and its deviation from 
the optimal cost. 
 
Model constraints: 
 
��𝑌𝑌𝑖𝑖ℎ𝑜𝑜𝑜𝑜 + 𝑌𝑌𝑖𝑖𝑖𝑖 = 1,

𝑘𝑘∈𝐾𝐾ℎ∈𝐻𝐻

 ∀𝑖𝑖 ∈ 𝐼𝐼  (5) 

�𝐷𝐷𝑖𝑖𝑠𝑠
′

𝑖𝑖∈𝐼𝐼

𝑌𝑌𝑖𝑖ℎ𝑜𝑜𝑜𝑜 ≤ 𝑧𝑧ℎ𝑘𝑘𝑄𝑄ℎ𝑘𝑘 , ∀ℎ ∈ 𝐻𝐻, 𝑘𝑘 ∈ 𝐾𝐾, 𝑠𝑠 ∈ 𝑆𝑆 (6) 

 
Eq. (5) represents the distribution of transportation by cargo flow, selecting only one transportation plan, and ensures that all 
goods at each demand point can be shipped out; Eq. (6) represents the maximum cargo flow of any MTH, which must be less 
than the maximum throughput capacity of MTH. 
 

��𝑧𝑧ℎ𝑘𝑘 ≤ 𝐵𝐵
𝑘𝑘∈𝐾𝐾ℎ∈𝐻𝐻

 (7) 

Eq. (7) represents the limit on the number of MTH constructed. 

�𝑧𝑧ℎ𝑘𝑘 ≤ 1
𝑘𝑘∈𝐾𝐾

,∀ℎ ∈ 𝐻𝐻 (8) 

𝑌𝑌𝑖𝑖ℎ𝑜𝑜𝑜𝑜 ≤ 𝑧𝑧ℎ𝑘𝑘 , ∀ℎ ∈ 𝐻𝐻, 𝑘𝑘 ∈ 𝐾𝐾 (9) 
𝑌𝑌𝑖𝑖ℎ𝑜𝑜𝑜𝑜(𝑡𝑡𝑖𝑖ℎ+𝑡𝑡ℎ𝑜𝑜+𝑡𝑡𝑙𝑙𝑙𝑙) + 𝑌𝑌𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖 ≤ 𝑡𝑡𝑖𝑖 , ∀𝑖𝑖 ∈ 𝐼𝐼, 𝑘𝑘 ∈ 𝐾𝐾 (10) 

 

Eq. (8) indicates that each alternative MTH can only select one capacity; Eq. (9) indicates that the MTH transported by each 
cargo owner must be the selected intermodal transport hub; Eq. (10) indicates transportation time constraints. The model 
involves the cargo owner's transportation time limit. Here, the maximum transportation time of the cargo owner refers to for 
appropriate values, as follows: when 0 less than d less than or equal to 500km, equals 32h; when 500 km less than d less than 
or equal to 1000km, t sub i. equals 45h; when 1000𝑘𝑘𝑘𝑘 < 𝑑𝑑 ≤ 2000km, 𝑡𝑡𝑖𝑖 = 60h. 
 

Non-negative constraints: 
 

xihoks′ , xioks
′
≥ 0 (11) 

zhk ∈ {0,1} (12) 
Yihok, Yio ∈ {0,1} (13) 

Eqs. (11)-(13) represent each variable's 0-1 constraints. 
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3.  Algorithm design and implementation 
 
The “freight hub location problem with dual uncertainty in transportation demand and cost” discussed in this paper is a 
derivative form of the P-median problem. The P-median problem belongs to the category of NP problems (Chappidi & Singh, 
2025), which has been clarified by previous studies. NP problems are a type of problem with special properties. Although it 
is possible to verify whether a given solution is correct in polynomial time, there is currently no method that can directly find 
the answer within a specified time. The common feature of NP problems is that they are difficult to find efficient solutions in 
theory, but they are very important in practical applications.  
 
The multimodal transport hub location problem discussed in this paper also belongs to the category of NP problems. The 
number of hub construction, the number of demand nodes, the alternative cargo carrying capacity of the hub, and the number 
of demand scenario sets all affect the complexity of the problem. For NP problems, although enumeration is a common 
solution method, its applicability will significantly decrease when the problem scale increases. Therefore, in order to obtain 
an approximate optimal solution, a heuristic algorithm is needed to narrow the search range. At present, the heuristic 
algorithms widely used in optimization problems include PSO (particle swarm algorithm) and SA (simulated annealing 
algorithm). Both algorithms can improve solution efficiency to a certain extent and are suitable for solving complex 
multimodal transport hub location problems. 
 
3.1 Principles of particle swarm optimization  
 
The particle swarm optimization algorithm was first proposed by Eberhart (1995) and Kennedy (1995) in the literature. It is 
a group-based optimization tool with global optimization capabilities. It searches for the optimal value through iteration. The 
system is initialized as a set of random solutions, and the particles (potential solutions) follow the optimal particles in the 
solution space to search. Assume that in a D-dimensional target search space, there are N particles forming a group. In the t-
th iteration, the i-th particle is represented by a D-dimensional vector xit, i = 1,2. . ..N，t = 1,2. . ..N , that is, the position of 
the i-th particle in the D-dimensional search space is xit. The position of each particle is a potential solution. Substituting xit 
into an objective function can calculate its fitness value, and the quality of xit is measured according to the size of the fitness 
value. The "flying" speed of the i-th particle is also a D-dimensional vector, recorded as vit,i = 1,2. . ..N，t = 1,2. . ..N. The 
optimal position searched by the i-th particle so far is pi,i = 1,2. . ..N, and the optimal position searched by the entire particle 
swarm so far is pg. The particle swarm optimization algorithm uses the following formula to operate on particles: 
 
𝑣𝑣𝑖𝑖𝑡𝑡+1 = 𝜔𝜔𝑣𝑣𝑖𝑖𝑡𝑡 + 𝑐𝑐1𝑟𝑟1(𝑝𝑝𝑖𝑖 − 𝑥𝑥𝑖𝑖𝑡𝑡) + 𝑐𝑐2𝑟𝑟2(𝑝𝑝𝑔𝑔 − 𝑥𝑥𝑖𝑖𝑡𝑡) (14) 
𝑥𝑥𝑖𝑖+1𝑡𝑡+1 = 𝑥𝑥𝑖𝑖𝑡𝑡 + 𝑣𝑣𝑖𝑖𝑡𝑡 (15) 

 
Among them,𝑖𝑖 = 1,2. . ..N；𝜔𝜔  is the inertia weight, balancing global exploration with local exploitation; 𝑐𝑐1 and 𝑐𝑐2  are 
acceleration factors controlling the influence of individual and social experience; 𝑟𝑟1 and 𝑟𝑟2are random numbers (ranging from 
0 to 1), introducing randomness to the search.The iteration termination condition is generally selected as the maximum number 
of iterations or (and) the optimal position searched by the particle swarm so far meets the predetermined minimum adaptation 
threshold according to the specific problem. The basic particle swarm optimization algorithm does not require many 
parameters to be determined by the user, and the operation is simple, so it is relatively convenient to use. However, its 
disadvantage is that it is easy to fall into local extreme points and the search accuracy is not high. Therefore, people have 
proposed an improved algorithm combining particle swarm with other algorithms, and it is envisioned to improve the 
performance of the basic particle swarm optimization algorithm to a certain extent. 
 
3.2 Principles of Simulated annealing optimization 
 
The simulated annealing algorithm is a random combinatorial optimization method developed in the early 1980s. It simulates 
the thermodynamic process of high-temperature metal cooling and is widely used in combinatorial optimization problems. 
When optimizing, simulated annealing first determines the initial temperature, randomly selects an initial state and examines 
the objective function value of the state; adds a small disturbance to the current state and calculates the objective function 
value of the new state; accepts the better point with probability 1 and the worse point with a certain probability P as the current 
point until the system cools down. Under the conditions that the initial temperature is high enough and the temperature drops 
slowly enough, the simulated annealing method can converge to the global optimal value with probability 1. Since it accepts 
the worst point with a certain probability, it has the ability to jump out of the local optimal solution. The solution process of 
the algorithm is as follows: 
 
1) Initialize annealing temperature 𝑇𝑇𝑘𝑘 (set 𝑘𝑘 = 0) and generate a random initial solution x0; 
2) Repeat the following operations at temperature 𝑇𝑇𝑘𝑘 until the equilibrium state of temperature 𝑇𝑇𝑘𝑘 is reached: 
 
Generate a new feasible solution 𝑥𝑥 ,, in the field of solution 𝑥𝑥; 
Calculate the difference △ f between the objective function 𝑓𝑓(𝑥𝑥 ,) of 𝑥𝑥 ,, and the objective function 𝑓𝑓(𝑥𝑥) of 𝑥𝑥: 
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According to the probability min {1, 𝑒𝑒𝑒𝑒𝑒𝑒 (−△ 𝑓𝑓/𝑇𝑇𝑘𝑘)} > random[0,1], receive 𝑥𝑥 ,, where random[0,1] is a random number 
in the interval [0,1]. 
 
3) Annealing operation: 𝑇𝑇𝑘𝑘+1 = 𝐶𝐶𝐶𝐶𝑘𝑘 , 𝑘𝑘⭠𝑘𝑘 + 1, where C∈(0,1). If the convergence criterion is met, the annealing process 
ends; otherwise, go to 2). 
The annealing temperature T controls the solution process to optimize the direction of the optimal value. At the same time, 
it accepts inferior solutions with probability 𝑒𝑒𝑒𝑒𝑒𝑒 (−△ 𝑓𝑓/𝑇𝑇𝑘𝑘), so the algorithm can jump out of the local extreme point. As 
long as the initial temperature is high enough and the annealing process is slow enough, the algorithm can converge to the 
global optimal solution. 
 
3.3 The strategy of the particle swarm-simulated annealing algorithm 
 
According to the research of Liu et al.(2017), we used the particle swarm-simulated annealing algorithm to introduce a 
probabilistic mechanism in the simulated annealing algorithm to break through local optimization. Because the algorithm also 
involves the decision-making problem of hub location and throughput capacity level, the scale of the problem is large. 
Introducing local search based on variable neighborhood search into the algorithm can expand the solution's search scope and 
optimize the algorithm's solving ability. 
 
In this paper, the specific implementation is as follows: First, the encoding of solutions: each particle represents a candidate 
hub location plan, containing two decision variables. One is a 0-1 selection variable, indicating whether a hub should be built 
at a candidate point; the other is a throughput capacity level variable, indicating the hub's scale level (1, 2, or 3). Next, the 
fitness function: the objective function minimizes the total cost (construction cost + transportation cost), and the fitness value 
is defined as the inverse of the total cost. Finally, a hybrid strategy is employed to enhance the global search capability. The 
PSO algorithm is combined with the simulated annealing algorithm, introducing a probability mechanism to accept inferior 
solutions, thus avoiding premature convergence. 
 
The algorithm designed in this paper mainly has the following two strategies: 
 
1) The strategy of probabilistically accepting inferior solutions: The algorithm updates each generation according to the 
particles' individual and global optimal positions. Generally, the updated value of the latest generation particle is compared 
with the individual optimal value, and the optimal value of the particle is only updated when the result is better. When the 
current generation of particles is worse than the optimal value, a certain probability is used to make a judgment. If the 
probability is met, the inferior solution is accepted, and the individual optimal value is evaluated. This operation increases the 
possibility of jumping out of the local optimal solution. 
 
2) Local search strategy: The decision variables include the decision of the site selection point and the scale of each point. 
The quality of individual and globally optimal solutions affects the group's evolution, and the variable neighborhood search 
algorithm can expand the scope of solution optimization by setting different neighborhoods and searching alternately among 
them.  The basic flow of the algorithm is shown in Fig. 2. 

 

Fig. 2. Algorithm flow chart. Designed with Microsoft Visio by the authors. 
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3.4 Particle swarm-simulated annealing algorithm steps 
 
Step 1: Initialize particle swarm 𝑝𝑝0. Assume that the number of particles is 𝑁𝑁. In this paper, the particle swarm is the set of 
candidate MTH nodes. A particle is a single MTH node. Our model involves two decision variables: site selection and 
throughput capacity level. Initialize the position of MTH, the throughput capacity of the candidate MTH in each particle, and 
the speed of the set inertia weight 𝜔𝜔, acceleration factors 𝑐𝑐1 and 𝑐𝑐2. The maximum number of iterations in the model is 𝑇𝑇. Let 
the individual optimal solution 𝑝𝑝𝑖𝑖  of each MTH be its current position, calculate the fitness value of each particle, and assign 
it to the individual optimal value 𝑃𝑃best. The MTH with the highest fitness value is the global optimal solution 𝑝𝑝𝑔𝑔. The value 
of excellence is 𝐺𝐺best. 
 
Step 2: Use the formulas 𝑣𝑣𝑖𝑖𝑡𝑡+1 = 𝛽𝛽𝛽𝛽𝑖𝑖𝑡𝑡 + 𝑐𝑐1𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑝𝑝𝑖𝑖 − 𝑥𝑥𝑖𝑖𝑡𝑡) + 𝑐𝑐2𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟�𝑝𝑝𝑔𝑔 − 𝑥𝑥𝑖𝑖𝑡𝑡� and 𝑥𝑥𝑖𝑖𝑡𝑡+1 = 𝑥𝑥𝑖𝑖𝑡𝑡 + 𝑣𝑣𝑖𝑖𝑡𝑡+1  updates the position 
𝑥𝑥𝑖𝑖𝑡𝑡+1 and speed 𝑣𝑣𝑖𝑖𝑡𝑡+1 of the new MTH. At the same time, uniform crossover is used to update the passing ability level of the 
candidate hub in each MTH, which results in a new generation of MTH. 
 
Step 3: Set the fitness value of each generation of MTH to 𝑓𝑓(𝑥𝑥𝑖𝑖𝑡𝑡). Calculate the fitness value of the updated new generation 
of MTH and compare it with the individual optimal value. If the result is better, the optimal solution and optimal value are 
directly updated; if the result is worse, a judgment is made. When exp (−𝑡𝑡/𝑇𝑇) ≥ 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟, the new state is accepted, and the 
individual optimal solution and the optimal value are updated. Finally, the global optimal value is updated. 
 
Step 4: Select ten random individual optimal solutions for local search. If the fitness value is better, update the individual and 
global optimal solutions. Among them, the local search strategy adopts the operating idea of variable neighborhoods, and 
three are designed to conduct cross searches between each neighborhood. The specific number of neighborhoods depends on 
the complexity of the problem and the accuracy of the solution required. In this work, we choose three neighborhoods based 
on a trail-error approach, as this number resulted in an optimal, less-cost solution. These three neighborhoods are specifically 
expressed as follows: 
 
Neighborhood 1: Select any five hub locations in any solution and randomly exchange the passing ability levels at each 
location without changing the hubs' locations. 
 
Neighborhood 2: Randomly exchange the positions of a hub and a non-hub in any solution, that is, [1,0,0,1,1,0,0,1] →
[0,1,0,1,1,0,0,1] does not change the passing ability level of each hub; 
 
Neighborhood 3: Randomly select three hub and non-hub locations from the existing solution for exchange, and adjust the 
passing ability level of each hub to the maximum, that is, [1,0,0,1,1,0,0,1] → [0,1,1,0,0,1,0,1]; 
Step 5: If the termination condition is met, stop the calculation; otherwise, return to step 2. 
 
4.  Case study 
 
To verify the model's effectiveness, Liaoning, Jilin, Heilongjiang, and parts of Inner Mongolia (Northeast China, as shown in 
Fig. 3) were selected for a case study and analysis. Liaoning Province, a coastal port group, is the main outlet to the sea in 
Northeast China. Among them, Dalian Port was the first to start the construction of an inland transportation network and has 
successively invested in establishing cargo hubs in Jilin, Changchun, Shenyang, Harbin, Mudanjiang, and other places. 
Relying on its natural geographical advantage, Dalian Port is responsible for more than 90% of the foreign trade container 
transportation in the Northeast region. Therefore, all export goods in the Northeast region are assumed to be shipped through 
Dalian Port. 

 
Fig. 3. Map of Northeast China. Image 
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4.1  Data collection 
 
The construction of MTH prefers cities with developed economies and convenient transportation. In this work, we selected 
33 inland cities in Northeast China (see Table 2, Appendix A for details), i.e., 33 nodes. All these are freight demand nodes. 
Among these 33 nodes, 30 are candidate points for constructing multimodal transport hubs. The five nodes numbered 1-5 
currently have hubs built; the three nodes numbered 31-33 are pure cargo owner points due to factors such as remote 
geographical locations or small freight volumes, and hub construction will not be carried out; the nodes numbered 1-30 are 
candidate points for the construction of multimodal transport hubs. In the selection of the hubs, the selected point is the freight 
hub construction point, and its cargo flow is shipped out through the local MTH. The unselected candidate points and three 
pure cargo main points choose to tranship through a MTH or go directly to the port. The port node is marked 𝑜𝑜.  
 
The relevant parameter settings in the model are the railway freight discount factor 𝜆𝜆 = 0.7, which is set based on the freight 
rate published by the Ministry of Transport of China and the existing freight discount data of MTH; the limit on the number 
of MTH constructions 𝐵𝐵 = 7, the system reliability parameter 𝑅𝑅 = 0.6. In order to ensure that the decision results show good 
stability across various potential demand and cost scenarios, the robustness factor 𝛾𝛾 = 0.05. 
 
The parameter selection is based on literature research (Jiang et al., 2015) and preliminary experimental tuning. The relevant 
parameter settings in the algorithm are the total number of particles 𝑁𝑁 = 50 (a compromise between diversity and 
computational efficiency), inertia weight 𝜔𝜔 = 0.6 (set to a moderate value to balance exploration and exploitation), 
acceleration factor(emphasizing individual experience to avoid rapid convergence of the swarm), 𝑐𝑐1 = 1.25, 𝑐𝑐2 = 0.8, and 
the maximum number of iterations 𝑇𝑇 = 100(determined through convergence curve analysis). 
 
According to the highway and railway speeds and freight rates formulated by the Ministry of Transport of the People's 
Republic of China and the specific data of existing MTH, the transportation speeds, transportation costs of highways and 
railways, and the transfer costs at MTH are appropriately valued. The road-rail transshipment cost at the intermodal transport 
hub is 120 yuan/TEU; the road transportation speed is 80/𝑘𝑘𝑘𝑘 · ℎ−1, and the transportation cost is 5 yuan/𝑘𝑘𝑘𝑘−1 · 𝑇𝑇𝑇𝑇𝑇𝑇−1; the 
railway transportation speed is 120/𝑘𝑘𝑘𝑘 · ℎ−1, and the transportation cost is 1.5 yuan/𝑘𝑘𝑘𝑘−1 · 𝑇𝑇𝑇𝑇𝑇𝑇−1. 
 
Regarding the setting of demand scenarios for each node, this article assumes that there are four groups of demand scenarios, 
𝑠𝑠1, 𝑠𝑠2, 𝑠𝑠3, 𝑠𝑠4, with probabilities of 0.25, 0.2, 0.25, and 0.3, respectively. The freight demand 𝐷𝐷𝑖𝑖 ∈ (𝐷𝐷�𝑖𝑖 − 𝐷𝐷𝑖𝑖 ,𝐷𝐷�𝑖𝑖 + 𝐷𝐷𝑖𝑖) of each 
city under each demand scenario 𝑠𝑠𝑖𝑖, where 𝐷𝐷�𝑖𝑖 is the mean value of demand and 𝐷𝐷𝑖𝑖  is the maximum deviation value of demand. 
Referring to the demand design in study of Fan et al.(2018), this paper proposes that the freight demand 𝐷𝐷�𝑖𝑖 obeys the random 
distribution (5 × 102, 3 × 104)𝑇𝑇𝑇𝑇𝑇𝑇. Take the maximum deviation value of demand 𝐷𝐷𝑖𝑖  as 50% of the predicted value. In 
Appendix A, Table 3, we show the transportation demand of each city under each. 
 
Referring to research of Chang et al. (2017), to make reasonable decisions on the traffic capacity levels of each candidate 
city's construction hub, each candidate city is divided into three traffic capacity levels: 1, 2, and 3. The hub's traffic capacity 
and construction cost at each level are estimated (see Table 4, Appendix A for the specific results). This work uses the average 
construction cost, which is the above total construction cost ratio to the depreciation life, and takes the depreciation life as 20 
years for calculation. 
 
4.2  Model solving 
 
4.2.1 Contrastive study of the particle swarm-simulated annealing algorithm and particle swarm algorithm 
 
We use the particle swarm-simulated annealing algorithm and particle swarm algorithm designed in this paper to solve the 
optimal value of the freight hub location model under four demand scenarios. As explained, we solved the model using the 
particle swarm and hybrid particle swarm algorithms, setting the number of particle swarm iterations to 1000(based on 
preliminary experimental tuning) and the number of mixed particle swarm iterations to 100. The obtained freight hub location 
results and total costs are shown in Table 5,and the algorithm iteration effects are shown in Fig. 4 and Fig. 5. 
 
Table 5 
Model solving results. 

Scenario Algorithm Iteration 
times Site selection results Each point passing ability 

level 
Optimal 

value/yuan 

𝑠𝑠1 PSO-SA 73 2，3，4，5，13，17 2，2，2，2，1，2 9.33×107 
PSO 523 2，3，4，5，13，26 2，2，2，2，1，2 9.89×107 

𝑠𝑠2 PSO-SA 76 1，2，3，4，24，26，27 2，2，3，2，1，2，1 8.67×107 
PSO 569 1，2，3，4，24，26，27 2，2，3，2，2，1，1 9.24×107 

𝑠𝑠3 PSO-SA 81 1，3，4，5，10，12，27 3，3，2，2，2，1，1 8.94×107 
PSO 554 1，3，4，5，10，12，14 3，3，2，2，2，1，1 9.78×107 

𝑠𝑠4 PSO-SA 77 2，3，4，13，14，16 3，3，2，2，2，1 9.83×107 
PSO 548 2，3，4，13，16，27 3，3，2，2，2，2 10.77×107 
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Fig. 4. PSO algorithm iteration graph. Image produced by 

the authors. 
Fig. 5. Hybrid PSO-SA algorithm iteration graph. Image 

produced by the authors. 
 

Comparing Fig. 4 and Fig. 5, Through experimental comparative analysis, the particle swarm-simulated annealing algorithm 
shows a clear difference from the traditional particle swarm algorithm algorithm in terms of iteration efficiency and fitness 
performance. This is specifically reflected in the significant differences in the two core dimensions: algorithm convergence 
speed and solution quality. From the perspective of algorithm convergence, the particle swarm-simulated annealing algorithm 
demonstrates a clear advantage in the optimization iteration process, converging quickly and stably to the global optimum 
after approximately 72 iterations. In contrast, the traditional particle swarm  algorithm exhibits a relatively slow convergence 
trend, requiring around 520 iterations to gradually approach the global optimum. This indirectly indicates that the search 
efficiency of the particle swarm algorithm is lower, especially in complex optimization environments, where the algorithm is 
more likely to get stuck in local extrema and struggles to escape quickly to achieve the global optimum. Regarding the quality 
of the optimization results, the fitness values obtained by the particle swarm-simulated annealing algorithm are relatively 
stable and excellent, concentrated between 5.0 and 5.2. In contrast, the fitness values of the traditional particle swarm  
algorithm are higher, ranging from 6.2 to 6.4, indicating that the traditional particle swarm algorithm lacks optimization 
precision and fails to effectively capture the optimal solution region. An in-depth analysis of this phenomenon reveals that 
the particle swarm-simulated annealing algorithm, by incorporating the simulated annealing mechanism, allows the algorithm 
to adjust the position and velocity of particles more flexibly during the iterative search process, thus avoiding the issues of 
local optima more effectively. A key feature of the simulated annealing algorithm is its ability to probabilistically accept 
worse solutions, which maintains a certain degree of "jumping" during the optimization process. This enhances global search 
capability and solution diversity. The introduction of this mechanism significantly strengthens the algorithm’s exploratory 
nature and effectively balances the trade-off between exploration and exploitation. 
 
Combined with Table 5, Fig. 4 and Fig. 5., it can be seen that compared with the particle swarm algorithm, the particle swarm-
simulated annealing algorithm has a faster convergence speed and higher optimization accuracy. The optimal value of the 
model obtained by the particle swarm-simulated annealing algorithm is better than that of the particle swarm algorithm in 
each demand scenario. In summary, the results of this experiment not only validate the effectiveness and superiority of the 
particle swarm-simulated annealing algorithm over the traditional particle swarm algorithm but also lay a solid theoretical 
and experimental foundation for the broad application of the particle swarm-simulated annealing algorithm in solving real-
world complex optimization problems. This research provides important reference value for future studies and further clarifies 
the application potential and scope of the particle swarm-simulated annealing algorithm in complex environments. 
 
4.2.2  variance analysis 
 
The robust model constructed is obtained by comprehensively considering all demand scenarios, and the determined model 
under each scenario needs to be solved in advance. Therefore, the optimal value under each demand scenario should first be 
obtained, and based on this, a robust site selection plan should be obtained. At the same time, the proportion of the deviation 
value of the robust solution from the optimal solution in each scenario is calculated, referred to as the deviation ratio below. 
The specific calculation results are shown in Table 5. 

 
Table 6 
Model solving results. 

Scenario Site selection results Each point passing ability level Optimal 
value/yuan 

deviation ratio 

𝑠𝑠1 2，3，4，5，13，17 2，2，2，2，1，2 9.33×107 6.7% 
𝑠𝑠2 1，2，3，4，24，26，27 2，1，3，2，1，2，1 8.67×107 13.3% 
𝑠𝑠3 1，3，4，5，10，12，27 3，3，2，2，2，1，1 8.94×107 10.6% 
𝑠𝑠4 2，3，4，13，14，16 3，3，2，2，2，1 9.83×107 1.7% 

Robust solution 2，3，4，5，13，27 3，3，3，2，2，2 1.00×108 —— 
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The results obtained in Table 6 show that the corresponding optimal location results and passing levels are different under 
any demand scenario. Demand uncertainty greatly impacts the location selection of MTH. Constructing a robust model to 
conduct comprehensive research on various scenarios has practical significance. At the same time, it can be seen from the last 
column of deviation values that the maximum deviation ratio of the robust solution under each scenario is 13.3%, and the 
minimum deviation ratio is only 1.7%. This shows that the required robust site selection plan is effective under different 
demand scenarios.  
 
In addition, combined with columns 2 and 3 of the table, under the four sets of demand scenarios required, sites 3 (Shenyang) 
and 4 (Harbin) appeared in the site selection results, but the capacity levels vary. On the one hand, this shows that points 3 
and 4 have better robustness to uncertain demands; on the other hand, it also shows that when the demands are different, the 
same group of nodes also needs to consider building MTH of different sizes to achieve better cargo flow distribution, thereby 
reducing network costs. 
 
The site selection results were verified by selecting the one with the smallest deviation ratio, that is, the demand scenario 𝑠𝑠4. 
Fig.6 shows the optimal path distribution diagram of the transportation network. 
 

 

Fig. 6. Optimal Path Allocation Diagram for Multimodal Transport Network. Image produced by the authors. 
 

According to the site selection results in Fig.6, we can divide the MTH transportation nodes in Northeast China into three 
distance levels: 
 
1. Close-range hubs: Shenyang and Chaoyang. Shenyang's service targets are Tieling, Fushun, Benxi, and other cities in 
Liaoning Province that are a certain distance from Dalian but are convenient for centralized transportation. Chaoyang serves 
Xilingol and Chifeng in Inner Mongolia and Fuxin in Liaoning Province but is closer to Chaoyang.  
 
2. Mid-distance hub: Changchun. With the Changchun hub as the center, it provides services to many cities in Jilin Province, 
Tongliao, and Xing'an in the northeastern region of Inner Mongolia. 
 
3. Long-distance hubs: Qiqihar, Harbin, and Jiamusi. Qiqihar provides services to Qiqihar in the northern region of Inner 
Mongolia and Heihe on the border with Heilongjiang. Harbin is in the center of Heilongjiang and provides services to the 
surrounding Daqing, Suihua, Yichun, and Mudanjiang. Jiamusi is responsible for attracting supplies from cities in eastern 
Heilongjiang. In the above-mentioned intermodal hub network, 436,246 TEU of freight demand was generated. Table 7 shows 
the quantity and proportion of cargo flows undertaken by each hub in the location plan. 
 
Table 7 
The cargo flow and proportion undertaken by each multimodal transportation hub. 

Hub number (name) Responsible for cargo flow /TEU Proportion of total freight demand /% 
Hub 2 (Changchun) 120215 27.5 
Hub 3 (Shenyang) 61456 14.1 

Hub 4 (Harbin) 59870 13.7 
Hub 13 (Qiqihar) 49776 11.4 
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The above six hubs are responsible for about 93% of the cargo flow in the network. According to statistics released by the 
logistics and transportation department, the current centralized cargo transportation efficiency in Northeast China is about 
82%. Compared with the existing multimodal hub transportation network, this solution has improved the scale of freight 
efficiency. 

4.3  Analysis of solutions 

4.3.1  Site selection plan passing ability analysis 
 
The carrying capacity utilization rate of each hub is shown in Table 7. 
 
Table 8  
Utilization rate of carrying capacity of each hub. 

Hub name Maximum carrying capacity 
/TEU Excess flow of goods /TEU Utilization /% 

Changchun 122000 120215 98.54 
Shenyang 62000 61456 99.12 

Harbin 60000 59870 99.78 
Qiqihar 50000 49776 99.55 
Jiamusi 67000 66462 99.20 

Chaoyang 50000 49492 98.98 
 
Table 8 shows that the cargo throughput of the six selected hubs was very close to the maximum carrying capacity at the 
beginning of their construction and design. The construction of a logistics hub has a huge sunk cost. Once the construction is 
completed, relocating or using it for other purposes is difficult. Therefore, this site selection plan can ensure the hub's cargo 
flow carrying capacity is fully utilized. The optimal solutions under capacity levels 1, 2, and 3 were analyzed. The construction 
cost, transportation cost, and total cost under the corresponding optimal solution were obtained and compared with the relevant 
data under the optimal solution, considering decision-making based on capability level. The results are shown in Table 8. 
 
Table 9 
Comparison of results under different passing ability levels. 

Cost/yuan Throughput 
capacity level 1 

Throughput capacity level 
2 

Throughput capacity level 
3 Optimal solution 

Construction cost 399500000 507640000 643740000 569384000 
Transportation cost 80983000 70330968 58384288 53244381 

Total cost 480483000 577970968 702124288 622628381 
 

It can be seen from Table 8 that compared with the optimal solution considering the throughput capacity level decision-
making, under the throughput capacity levels 1 and 2, due to the smaller throughput capacity of the MTH, more cargo flows 
in the system choose to go directly to the port. , which leads to an increase in transportation costs and total costs; at capacity 
level 3, due to the larger capacity of the hub, the cargo flow in the system can choose a more reasonable path, which reduces 
transportation costs, but construction The cost has increased significantly, which has led to an increase in the total cost. 
Therefore, considering capacity level decision-making, the relationship between construction costs and transportation costs 
in the system can be better balanced to achieve the optimal total system cost, which is more conducive to the rational allocation 
and utilization of resources. 
 
4.3.2  Parameter sensitivity analysis 
 
When cargo flows are transferred and agglomerated at MTH, large-scale cargo flows are transported by rail to the port where 
the hub is located, creating economies of scale and reducing rail transportation costs. Since this article uses the railway freight 
discount coefficient to express it, to verify the impact of this parameter on the total system cost, hub location, and construction 
level scale, we select 𝜆𝜆 = 0.6, 0.7, 0.8, and 0.9 while fixing other parameters. The reason for setting these values is that this 
range can both cover potential real-world application scenarios and reflect the differences in railway freight discount levels. 
It represents the variation in railway transportation costs at different freight volume levels. By selecting this set of values, we 
can better observe the impact of railway transportation costs on the total system cost, hub location, and construction scale, 
while effectively validating the sensitivity of the freight discount parameter and its influence on the stability and effectiveness 
of the optimization solution. A sensitivity analysis was performed, and the changes in specific total costs are shown in Fig.7. 
The trend shown in Fig. 7 demonstrates that the total system cost tends to increase overall. However, there is a slight decrease 
in cost between the range of 0.7 and 0.8 for the railway freight discount factor. This reduction in cost can be attributed to the 
point at which the transportation scale reaches a certain threshold. As the transportation volume increases, economies of scale 
start to take effect, leading to a reduction in per-unit transportation costs. Once the scale reaches this threshold, the cost 
reduction becomes minimal, and beyond this point, the total system cost begins to rise sharply. This observation highlights a 
key insight: railway freight costs have a significant influence on the total system cost, especially when the scale of 
transportation increases. Thus, it is crucial to account for the railway freight discount factor when selecting hub locations, as 
it can have a profound impact on the optimization of the overall transportation system. This sensitivity indicates that the scale 
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at which cost savings from increased freight volume are maximized is crucial for ensuring cost-effective hub placement and 
network configuration. Table 9 further reinforces this point by illustrating how hub location selection and throughput capacity 
change under varying railway freight discount factors. It is evident from the table that when the discount factor λ changes, 
there are noticeable shifts in both the selected hub locations and their respective throughput capacities. Specifically, the 
railway freight discount coefficient has a substantial effect on which hubs are selected and the capacity required for each hub. 
This underscores the importance of accurately modeling and considering freight discount rates, as they can heavily influence 
the optimal locations and capacities of multimodal transport hubs (MTH). In essence, the railway freight discount factor acts 
as a pivotal parameter in the decision-making process, shaping the entire transportation network's layout by determining which 
hubs are most cost-effective to establish based on freight volume, construction cost, and operational efficiency. 

 

Fig. 7. Changes in total cost under changes in discount factors. Image produced by the authors. 
 

This analysis confirms that the railway freight discount is not just a minor parameter but a critical factor that should be given 
significant attention during hub location planning. Optimizing this aspect of the model can lead to more efficient transportation 
networks, potentially reducing costs and improving the overall performance of the multimodal transport system. 
 
Table 10 
Different locations result in discount factors and passing ability grades. 

Discount factor 𝝀𝝀 Site selection results Pass ability level 
0.6 2，18，23，26 2，2，2，2 
0.7 2，4，16，18，22 3，1，1，1，3 
0.8 6，12，23，24，26 3，2，2，2，2 
0.9 2，9，10，11，12，14 2，1，2，3，2，2 

 
Combining the results in Fig.7 and Table 10, we conclude that changes in the railway freight discount factor greatly impact 
the total system cost, and the impact on the site selection and construction scale must be addressed. Therefore, during the 
MTH site selection planning, policymakers need to fully consider the issue of rail freight discounts to attract freight flow and 
reduce the total cost of freight. 
 
5.  Conclusion 
 
MTH are an important part of the comprehensive transportation system and have strong attraction and radiation effects on 
surrounding areas. Optimizing the location of MTH is necessary to improve the efficiency of the integrated transportation 
system.  
 
This paper selects Northeastern China for a case study, constructs a MTH location model under simultaneous uncertainty of 
transportation demand and cost, and designs a particle swarm-simulated annealing algorithm to solve the problem. By 
summarizing the article, this article mainly draws the following conclusions: 
 
Considering the uncertainty of freight demand in the MTH site selection field, this paper designed four demand scenarios and 
built a robust model for comprehensive research. First, the location selection results corresponding to the four groups of 
demand scenarios are all different, indicating that uncertainty in freight demand has a greater impact on the location selection 
of MTH. The robust solution's value and maximum deviation ratio under four demand scenarios is 13.3%. The minimum 
deviation ratio is only 1.7%, which shows the robustness of the proposed site selection plan under different demand scenarios. 
In each site selection plan, nodes No. 3 (Shenyang) and No. 4 (Harbin) exist under four demand scenarios, but their throughput 
capacity levels differ. This shows that these two nodes are relatively robust to uncertain demands. Therefore, decision-makers 
should reasonably predict the scope of demand changes when planning the site selection of MTH; at the same time, they can 
first select suitable construction sites for some MTH based on the geographical location and freight volume of the nodes and 
based on this Find other suitable construction sites and plan a reasonable scale to reduce work intensity and arrive at a more 
realistic site selection plan. 
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The decision-making of the throughput capacity level of MTH can make the distribution of MTH and cargo owners even more 
efficient, reducing the total system cost. The cargo flow volume of the six hubs selected in the site selection plan is very close 
to the maximum carrying capacity at the beginning of their construction and design, which ensures that the cargo flow carrying 
capacity of the hubs under construction is fully utilized. The throughput capacity of intermodal transport hubs affects the 
distribution of cargo flows and impacts the system's total cost. This paper constructs different throughput capacity levels for 
each candidate MTH to optimize site selection and throughput capacity. The location selection model considering throughput 
capacity level decisions can attract more cargo flows. Balance the relationship between system construction and transportation 
costs to optimize the total system cost. Therefore, decision-makers should reasonably analyze candidate points, and each 
point's possible passing capabilities to optimize site selection, scale, and reduce costs. 
 
The railway freight discount coefficient changes greatly impact the total system cost, and the impact on the site selection and 
construction scale must be addressed. Therefore, decision-makers should fully investigate the discounts on railway fares for 
each section during site selection planning to attract cargo flow and reduce logistics costs. 
 
The constructed location network has a certain degree of robustness and provides certain theoretical references for related 
research, but the research still has certain deficiencies. Subsequent research can focus on the following issues: 
 
In the future, research on multiple allocation problems can be carried out. In this work, we considered that all hubs were 
operating well, but they may encounter force majeure factors such as natural disasters, making them unable to operate 
normally. Therefore, the next step can be to conduct a comprehensive study on the problem of single hub failure and path 
reconnection to obtain a more robust site selection plan. 
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Appendix A. Data collection table 
 
Table 2  
City number correspondence table. 

City Number City Number City Number City Number City Number 
Jilin 1 Tonghua 8 Chifeng 15 Siping 22 Hegang 29 

Changchun 2 Tieling 9 Chaoyang 16 Baicheng 23 Yichun 30 
Shenyang 3 Tongliao 10 Fuxin 17 Xing'an 24 Hulunbuir 31 

Harbin 4 Songyuan 11 Liaoyang 18 Suihua 25 Xilingol 32 
Mudanjiang 5 Daqing 12 Liaoyuan 19 Jixi 26 Heihe 33 

Anshan 6 Qiqihar 13 Fushun 20 Qitaihe 27   
Benxi 7 Jiamusi 14 Baishan 21 Shuangyashan 28   

 
Table 3 
Freight demand at each point under four demand scenarios. 

Node Demand/TEU Demand/TEU Demand/TEU Demand/TEU 
1 14307 19363 18570 9823 
2 14940 13418 17264 14719 
3 12098 7446 6440 16190 
4 22040 12789 23298 14129 
5 6389 5498 7793 7873 
6 14454 19208 8823 17216 
7 11675 8343 8367 6240 
8 11969 15452 15692 11836 
9 6745 7788 4308 9925 

10 19440 10228 26864 11906 
11 11351 14595 16159 14112 
12 8036 11432 4121 9149 
13 24812 25366 28390 35550 
14 11373 15172 7595 11357 
15 18321 11567 19058 19564 
16 26643 33564 16030 24685 
17 5099 7270 2750 2938 
18 17523 16680 19447 11759 
19 7405 5623 10897 7859 
20 25677 18308 22106 29101 
21 4017 3986 3524 4396 
22 27865 25005 15826 21178 
23 7570 7412 5359 4494 
24 17123 25580 9240 19892 
25 14529 16047 14084 16022 
26 8513 12301 5534 8290 
27 18955 18774 28268 16230 
28 19762 18536 18321 19279 
29 11115 11419 11623 11306 
30 11848 12299 12262 12697 
31 12974 12804 13215 11752 
32 1776 982 1847 2305 
33 2268 1333 2734 2474 
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Table 4 
The carrying capacity level and corresponding construction cost of each alternative hub point. 

Node Level 1/ 
10,000 TEU 

Construction cost 
1/ billion 

Level 2/ 
10,000 TEU 

Construction cost 2/ 
billion 

Level 3/ 
10,000 TEU 

Construction cost 3/ 
billion 

1 3.20 0.55 4.90 0.73 6.70 1.01 
2 8.40 0.60 10.50 0.78 12.20 1.16 
3 2.80 0.50 4.20 0.68 6.20 0.92 
4 4.35 0.67 6.00 1.03 8.00 1.47 
5 1.90 0.45 3.30 0.64 4.65 0.96 
6 3.45 0.65 5.10 0.83 6.70 1.11 
7 3.00 0.40 4.60 0.75 6.65 0.98 
8 3.60 0.53 5.00 0.78 6.50 1.06 
9 2.00 0.43 3.80 0.63 5.00 0.96 

10 4.50 0.65 6.20 0.93 7.85 1.31 
11 2.50 0.47 3.80 0.73 6.00 1.01 
12 2.00 0.45 3.40 0.66 4.75 0.93 
13 4.20 0.85 5.00 1.08 6.20 1.56 
14 5.50 0.41 6.70 0.80 7.60 1.06 
15 3.70 0.70 5.50 0.88 8.00 1.26 
16 5.00 0.70 7.60 1.13 9.70 1.66 
17 2.00 0.37 3.80 0.63 5.60 0.92 
18 5.70 1.00 8.50 1.28 1.10 1.76 
19 2.00 0.35 4.30 0.68 6.00 1.01 
20 5.50 0.75 7.20 1.03 9.10 1.41 
21 1.85 0.35 3.10 0.56 4.50 0.86 
22 5.70 0.90 7.90 1.20 10.30 1.71 
23 1.80 0.40 3.80 0.63 5.50 0.96 
24 3.70 0.70 5.10 0.93 7.30 1.24 
25 3.50 0.55 5.60 0.88 7.30 1.14 
26 2.00 0.40 3.80 0.73 6.05 1.06 
27 4.60 0.80 6.05 1.06 8.00 1.37 
28 5.00 0.85 6.80 1.23 9.50 1.61 
29 

 
5.70 

 
0.95 

 
8.15 

 
1.37 

 
10.10 

 
1.86 
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