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Abstract

With rising customer demands for the timeliness and quality of refrigerated goods, the
efficiency and fluidity of cold chain logistics remain inadequate, resulting in a notable
imbalance between supply and demand in the cold chain market. To reduce the damage
of fresh produce and lower logistics costs, this paper introduces multimodal transporta-
tion into the cold chain market and performs an analysis of optimizing multimodal trans-
portation routes for refrigerated goods. This study constructs a mixed-integer program-
ming model for cold chain multimodal transportation, aiming to minimize total costs
while considering carbon emissions and uncertain demand. An improved adaptive large
neighborhood search (ALNS) algorithm is developed to solve the mathematical model,
featuring improved adaptive scoring and operator selection mechanisms. The algorithm'’s
performance is validated through a real-world multimodal transportation network in
China. Furthermore, a sensitivity analysis is performed on rail freight rates, confidence
levels, and ambient temperature, from which we derive managerial insights with practical
significance.

Keywords: multimodal transportation; refrigerated goods; route optimization; uncertain
demand; adaptive large neighborhood search

1. Introduction

As living standards improve, public demand for diverse, fresh, and eco-friendly re-
frigerated goods continues to rise. Given their perishable nature, these goods require
stringent temperature control throughout the logistics process, including pre-cooling,
transportation, storage, and distribution in a low-temperature environment. To maintain
optimal freshness upon delivery to consumers, cold chain logistics companies are invest-
ing heavily in the transportation phase. Nevertheless, the overall efficiency of cold chain
logistics requires further improvement.

The development of cold chain logistics currently faces three major challenges. First,
the high damage rate of refrigerated goods: Due to their short shelf life, long distance and
prolonged transportation exacerbate damage. For instance, in China, the damage rate of
agricultural products due to cold chain disruptions is one to two times higher than in
developed countries, resulting in an annual waste of approximately 12 million tons of
fruit and 130 million tons of vegetables, with economic losses exceeding RMB 100 billion.
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Second, the high transportation costs associated with cold chain logistics: The rapid ex-
pansion of the refrigerated goods market, driven by e-commerce and new retail models,
necessitates the use of large transport vehicles, significantly increasing transportation
costs. Third, the carbon emissions from cold chain logistics are higher than those of regu-
lar logistics [1]. Traditional cold chain logistics primarily relies on fuel-powered vehicles
and uses refrigeration equipment during transit to maintain freshness, leading to substan-
tial carbon emissions. Therefore, integrating energy conservation and emission reduction
into cold chain logistics route optimization is essential for reducing fuel consumption and
minimizing environmental carbon pollution.

Multimodal transportation offers a clear cost advantage and can reduce carbon emis-
sions during transportation [2]. By leveraging the combined benefits of various transpor-
tation modes, it can effectively address the three major challenges. Although multimodal
transportation has attracted significant academic interest as an innovative transportation
model, the development of cold chain multimodal transportation remains in its early
stages. The recent rise of refrigerated containers has addressed loading issues during
mode transitions and established a solid foundation for the advancement of cold chain
logistics. Therefore, this study explores the optimization of multimodal transportation
routes for refrigerated containers to improve the overall efficiency of the cold chain logis-
tics industry.

Our contributions are as follows: First, we construct a mixed-integer programming
(MIP) model considering carbon emissions from transportation and demand uncertainty.
The model fully accounts for the unique factors of refrigerated goods, such as refrigeration
costs and cargo damage costs, to closely simulate the actual intermodal transport process.
We utilize an improved adaptive large neighborhood search (ALNS) algorithm to solve
this mathematical model, incorporating destroy and repair heuristic operators designed
specifically for the model. The enhancements to the original ALNS algorithm improve its
efficiency and accuracy, broadening its application in multimodal transportation route
optimization. Finally, we validate the proposed mathematical model and algorithm
through a case study based on a multimodal transportation network in China. This net-
work includes 33 Chinese city nodes and 130 transportation arcs, integrating both road
and rail modes. Sensitivity analysis of this case study provides valuable management in-
sights for cold chain logistics companies.

In the remainder of this paper, Section 2 reviews multimodal transportation for re-
frigerated goods, related solution algorithms, and carbon emission considerations. Section
3 describes the problem and introduces the MIP model. Section 4 details the proposed
solution algorithm. Section 5 presents a case study, followed by a discussion of the results
in Section 6. Finally, Section 7 concludes this paper and outlines directions for future re-
search.

2. Literature Review

Against the backdrop of global carbon reduction efforts, this study aims to improve
transportation efficiency and customer satisfaction of cold chain logistics by applying
multimodal transportation to refrigerated goods. This paper reviews three key areas: mul-
timodal transportation for refrigerated goods, solution methods for multimodal transpor-
tation problems, and multimodal transportation with a focus on carbon emissions.

Perishable goods, unlike general cargo, require additional considerations for damage
costs [3]. Liu et al. [4] analyzed the cold chain logistics of fresh products by incorporating
both damage costs and refrigeration costs during transportation. Liu [5] proposed an op-
timization model which accounts for the impact of time-varying network on carbon emis-
sions and employed the Arrhenius equation to estimate the damage costs. He found that
a dynamic model based on a time-varying network more accurately captures the real-
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world conditions of cold chain multimodal transportation. Bortolini et al. [6] developed a
multi-objective model optimizing cost, carbon emissions, and time, accounting for the
shelf life of produce. They represented the damage rate as a time-dependent linear func-
tion. SteadieSeifi et al. [7] examined the integration of perishable goods with reusable
transport items (RTIs), constructing a model aimed at minimizing transportation and
transshipment costs for both loaded and empty RTIs. They designed an adaptive large
neighborhood search (ALNS) algorithm to solve this model. Subsequently, SteadieSeifi et
al. [8] addressed demand uncertainty by proposing a rolling time horizon framework,
converting the previous mixed-integer programming model into a scenario-based two-
stage stochastic programming model, and optimizing the ALNS algorithm for periodic
solutions. To further promote vaccine accessibility, Enayati et al. [9] introduced drone-
based multimodal transportation into vaccine distribution networks. They developed two
mathematical optimization models that jointly consider transportation time and cold
chain time constraints, providing an effective framework for time-sensitive and tempera-
ture-controlled distribution. Zhang et al. [10] focused on the mode choice between reefer
containers and bulk vessels in seaborne cold chains for time-sensitive products, integrat-
ing VBM with speed optimization, cargo depreciation, and greenhouse gas emission con-
straints. Their results showed that cargo perishability plays a more dominant role than
environmental constraints, leading to adaptive mode selection and a size-differentiated
deployment strategy, whereby smaller bulk and container ships are assigned to short-haul
legs, while larger bulk vessels serve long-distance routes. Bilican et al. [11] investigated
cargo transportation in containerized shipping and proposed a collaborative decision sup-
port framework that addresses cargo composition and stowage planning through a two-
stage optimization approach. Their framework jointly determines the selection of contain-
ers to be transported and their allocation within the vessel while explicitly considering
revenue maximization, ship stability, and crane utilization. However, although refriger-
ated containers are included as a cargo type, the analysis focuses primarily on stowage
capacity constraints and does not account for temperature-dependent cargo deterioration
characteristics, which are critical for refrigerated and perishable goods.

In addressing the multimodal transportation route optimization problem, several re-
searchers have focused on the development of exact algorithms. For instance, Hao and
Yue [12] developed an optimization model and corresponding dynamic programming al-
gorithm. Wolfinger et al. [13] introduced a solution method based on a column generation
framework combined with iterative local search. Although exact algorithms provide op-
timality guarantees, they suffer from exponential computational complexity, which limits
their scalability to large, real-world networks. Consequently, heuristic and metaheuristic
methods have gained prominence due to their flexibility and efficiency in handling multi-
constraint problems. Among them, Chen and Schonfeld [14] utilized a hybrid heuristic
technique combining sequential quadratic programming and genetic algorithms to solve
the scheduling problem in intermodal transportation. Their problem considers loading
and unloading, storage and cargo-processing operations, which can provide some flexi-
bility in the management of general and perishable cargoes. Zhang et al. [15] integrated
the Frank-Wolfe algorithm within a genetic algorithm framework to solve the model. Zhu
and Zhu [16] developed a multi-level objective decision model for multimodal transpor-
tation and utilized the NSGA-II algorithm for its solution. Zhao et al. [17] proposed a hy-
brid heuristic algorithm combining Monte Carlo, neural network, and genetic algorithms.
Abbassi et al. [18] merged the simulated annealing algorithm with exact algorithms, de-
signing the PBSA-exact hybrid algorithm to solve the path planning problem, and vali-
dated its effectiveness through comparison with CPLEX, SA, and PBSA. From the per-
spective of carriers, Yang et al. [19] established a mathematical model to optimize multi-
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modal transportation problems considering differences in cargo time sensitivity. They em-
ployed a bi-level genetic algorithm to solve the model, which demonstrated significantly
better performance than the traditional single-level genetic algorithm. Zukhruf et al. [20]
investigated the restoration problem of multimodal transportation networks and de-
signed a novel particle swarm optimization algorithm for its solution. The proposed algo-
rithm exhibits high stability in identifying a high-quality solution and achieves conver-
gence within a shorter computation time. To address the multi-visits drone-vehicle rout-
ing problem with simultaneous pickup and delivery service, Zhang and Li [21] developed
a three-stage solution framework that integrates an improved K-means++ algorithm with
a tabu search strategy.

The transportation of goods generates large carbon emissions, contributing to global
warming. Thus, exploring low carbon development strategies for multimodal transporta-
tion is important. Pizzol [22] demonstrated that multimodal transportation is more en-
ergy-efficient and emits fewer greenhouse gases than single-mode transportation, alt-
hough there is still substantial room for further emission reductions. Most current re-
search constructs multimodal transportation route optimization models from the perspec-
tive of carbon taxes to reduce both carbon costs and overall expenses through improved
transport strategies. For example, Sun and Lang [23], Go¢men and Erol [24] each devel-
oped models with objective functions to minimize transportation costs and carbon emis-
sions. In the context of low-carbon development, some researchers focus on optimizing
models. Zhang et al. [25] proposed that multimodal transportation is influenced by exter-
nal environmental factors, introducing the concepts of time delay and accident damage
coefficients. Feng et al. [26] examined scenarios involving the loading and unloading of
bulk cargo at specific transshipment ports, integrating containerization, load shedding
and cargo damage costs into their optimization model. Since transportation time directly
affects carrier profits, Zhang et al. [27] incorporated transportation time uncertainty into
their modeling process. They introduced random variables following a positively skewed
distribution to characterize this uncertainty and developed a bi-objective optimization
model to capture the trade-off between transportation efficiency and cost. As research into
low carbon transport deepens, the uncertainty of carbon trading prices has also been in-
vestigated. Li and Sun [28] addressed demand uncertainty and the stochastic nature of
carbon-trading prices, employing scenario analysis to describe demand uncertainty and
intervals to represent carbon trading prices. Considering transportation time, transporta-
tion cost and carbon emission minimization, Gao [29] proposed a mathematical model to
synthesize and optimize multimodal transportation issues such as flow distribution, node
selection and mode selection. The model can generate multiple routes by splitting and
transporting shippers’ containers, helping management make multimodal transportation
route decisions. Furthermore, Zhang et al. [30] considered the combined effects of man-
datory carbon emissions, carbon tax, carbon trading, and carbon offset policies in the con-
text of multimodal transportation. To evaluate the impacts of different low-carbon policies
on multimodal route planning, they transformed their model under various policy sce-
narios, providing valuable insights into the policy-driven optimization of sustainable lo-
gistics networks.

Although previous studies on cold chain and multimodal transportation have incor-
porated cargo damage costs, carbon emissions, and demand uncertainty, these factors are
typically modeled as independent parameters, with limited attention paid to their intrin-
sic interrelationships. In particular, existing studies often focus on either operational-level
decisions (e.g., speed or mode selection) or economic and environmental objectives, rather
than their underlying physical-economic interactions in refrigerated transportation sys-
tems.
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To address this gap, the primary methodological contribution of this study is the de-
velopment of an integrated physical-economic coupling framework for cold chain multi-
modal transportation under demand uncertainty. Specifically, a three-parameter Weibull
model is introduced to characterize the nonlinear physical deterioration process of refrig-
erated goods, and under a fuzzy demand context, this deterioration process is simultane-
ously integrated with refrigeration energy consumption and carbon emission costs. As a
result, cargo damage, refrigeration energy consumption, and carbon emissions are no
longer treated as isolated cost components, but as interdependent outcomes jointly deter-
mined by transport mode selection and transit time. This integrated modeling approach
reveals the inherent trade-off between low-carbon, longer-duration transport options and
high-speed, higher-emission preservation strategies, which cannot be captured by models
that treat these elements separately. In addition, an improved ALNS algorithm is specifi-
cally developed to solve the proposed cold chain multimodal routing problem, with cus-
tomized destroy and repair operators that explicitly account for cargo deterioration and
emission-related costs.

3. Problem Description and Model Formulation
3.1. Problem Description

The optimization of multimodal transportation routes for refrigerated goods can be
described as follows: In a directed transport network, M represents the set of nodes, with
at least one mode of transportation connecting adjacent nodes. A is the set of transporta-
tion arcs, where road and rail arcs have different distances and speeds. N is the set of n
transportation tasks, indicating that n goods need to be transported from their respective
origins to their respective destinations. K represents the set of transportation modes be-
tween nodes, with different mode choices forming multiple routes from the origin to the
destination.

There are currently n refrigerated goods orders that need to be transported from their
respective origins to their destinations within specified time windows, passing through
multiple intermediate nodes. Each node has a different ambient temperature, and be-
tween each pair of connected nodes, there is at least one mode of transportation, either
road or rail. The transportation cost, transit time, carbon emissions, and ambient temper-
ature vary for each mode of transport.

Figure 1 presents a simple example to help readers in understanding the cold chain
multimodal transportation route optimization problem. This example includes one origin,
five intermediate nodes, and two destinations.

T
[:l origin nodeO intermediate node O destination node T: temperature

Figure 1. A simple example of cold chain multimodal transportation.
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To ensure an appropriate storage environment throughout the transportation pro-
cess, this study focuses on refrigerated goods transported via refrigerated containers. The
objective of this paper is to identify a high-quality transportation path and mode that ac-
counts for refrigeration, cargo damage, in-transit transport, transfer, time window pen-
alty, and carbon emission costs under conditions of demand and carbon emission uncer-
tainty.

3.2. Model Formulation

Compared with existing cold chain transportation models, this model explicitly inte-
grates fuzzy uncertain demand and carbon emission costs, while the deterioration of re-
frigerated goods is characterized using a three-parameter Weibull function, enabling a
more realistic representation of cold chain transportation dynamics.

3.2.1. Model Assumptions

For the cold chain multimodal transportation problem, we have developed an MIP
model. To facilitate modeling and computation, the following assumptions are made
based on real-world conditions: (1) both road and rail transport modes operate at constant
given speeds; (2) refrigerated containers and goods are pre-cooled before loading; (3)
goods in the same shipment cannot be split during transport; (4) transfer vehicles are suf-
ficiently available, allowing for immediate transfer upon arrival at a node, with transfer
time dependent only on the number of refrigerated containers; (5) transfer and in-transit
transport use 20 ft refrigerated containers as carriers; and (6) the temperatures of transport
arcs and nodes are considered as average temperatures.

3.2.2. Notation Definition

The notation for the cold chain multimodal transportation route optimization prob-
lem is described in Table 1.

Table 1. Cold chain multimodal transportation model parameter and variable definition.

Notation Meaning
Sets:
K set of transportation modes.
@) set of origin nodes.
D set of destination nodes.
H set of intermediate nodes.
M set of nodes.
N set of transportation tasks 7.
A set of transportation arcs, (i,j) € A.
Parameters:
my weight of a refrigerated container for transportation task 7.
df; distance from node i to node j using transportation mode k.
vk average speed of transportation mode k.
(T™earty, Trend) earliest and latest time windows for transportation task 7.

p? storage cost that arrives earlier than the time window.

p? penalty cost that arrives later than the time window.

etk transfer time from transportation mode k to [ atnode i.
ck in-transit transport cost for transportation mode k.

cckt transfer cost from transportation mode k to [ atnode i.

zzl transfer carbon emission factor at node i.

ok fuel consumption per distance and weight.
w unit cost of carbon emissions.
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rk emission factor of fuel consumption.
ET; average external ambient temperature at node i.
ET;; average external ambient temperature on arc (i, f).
ET, optimal storage temperature for transportation task #.
on maximum allowable damage for transportation task 7.

unit cost of energy.
indicator of whether the goods undergo respiration (1 if yes, 0 other-

Br wise).

Fm price of goods in transportation task n.

M respiratory heat generated by goods in transportation task 7.

B cooling capacity generated per unit of energy.

é heat transfer coefficient.
S heat transfer area of the container.

uf maximum capacity of mode k from node i to node .

Decision variables:

tf travel time between nodes i and j using mode k.

0 uncertain number of containers for transportation task n.

" arrival time of transportation task n at the destination node.

tkl transfer time at node 1i.

Cckn total in-transit transport costs for task n between nodes i and j using
o transportation mode k.

Ckt total transfer costs for task n when switching from transportation mode
mn k to 1 atnode i.

7kl total carbon emissions for task #n when switching from transportation
o mode k to I atnode i.

okn total carbon emissions for task n between nodes i and j using trans-
Y portation mode k.

Lkn departure time of task n from node i using mode k.

T arrival time of task n at node i using mode k.

kn = 1if task n transport from node i tonode j using mode k, and 0 other-
Y wise.

yk = 1 if task n switches from mode k to | atnode i, and 0 otherwise.

3.2.3. Mathematical Model

To systematically coordinate multiple transportation tasks within the cold chain net-
work, the optimization model is formulated within the framework of a Capacitated Mul-
ticommodity Flow (CMCF) problem. Under this formulation, each task 7 is treated as an
individual commodity defined by a unique origin—destination pair. The structural integ-
rity of the model rests on two fundamental principles: flow conservation for each task and
shared capacity constraints across network arcs. Together, these components establish the
underlying network flow backbone, whose definitions are provided in the following sub-
sections.

Extending this classical CMCF structure, the proposed model further incorporates
cold-chain-specific economic mechanisms into the objective function. Unlike conventional
freight systems, refrigerated transportation is governed by an interplay among time-de-
pendent cargo damage, refrigeration energy consumption, and carbon emission costs.
These elements form a physical-economic coupling that reflects the unique operational
characteristics of perishable goods logistics. Specifically, because refrigerated containers
require continuous cooling to mitigate product deterioration, it is essential to rigorously
define the refrigeration and cargo damage cost functions before presenting the complete
mathematical formulation.

Refrigeration costs for refrigerated goods:

https://doi.org/10.3390/su18052230
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In cold chain multimodal transportation, the refrigeration energy consumption of re-
frigerated containers primarily consists of two components: (i) the energy required to re-
move heat generated by the respiratory activity of the goods, and (ii) energy losses due to
heat transfer through the container walls and air leakage. Specifically, perishable goods
produce heat through respiration during storage, which raises the internal temperature of
the container. To maintain the desired temperature and prevent quality deterioration, ad-
ditional cooling is required. The corresponding refrigeration costs incurred to offset the
respiratory heat, referred to as the respiratory refrigeration costs, are calculated using
Equation (1).

¢ = Z 0.0036mnﬁ@lnnT"Bn "
nenN

For respiring products, the respiration time equals the total transportation time; for
non-respiring products, the respiration time is zero.

Heat transfer in the container occurs through conduction between the container and
the external environment. Heat leakage results from poor sealing or aging insulation, al-
lowing external heat to penetrate the container. Both heat transfer and leakage raise the
container’s temperature, impacting the preservation of refrigerated goods. To counteract
this, refrigeration equipment is necessary, incurring container heat transfer and leakage
costs, calculated by Equation (2).

E _ 3.65S(ET; — ET,
R I
neN ieEM k,leK 2
3.68S(ETy; = ETy) , i @
+ B tijxij

nEN (i,))€A keK

E represents the refrigeration energy consumption, t denotes the transportation time,
and S is the average heat transfer area of the container, with § = \/SE, where §; and
S, are the internal and external surface areas of the container, respectively.

Damage costs for refrigerated goods:

In the transportation phase of refrigerated goods, damage is often unavoidable due
to the perishable nature of the goods. This study employs a three-parameter Weibull dis-
tribution function to compute damage costs, as given by Equation (3). This model uses the
total transportation time as the independent variable and determines the three parameters
based on the characteristics of different goods, considering the impact of transportation
time on damage. This approach provides a more realistic cost estimation and decision
support for optimizing cold chain multimodal transportation routes. To maintain mathe-
matical rigor and ensure the term (T" — y) in the Weibull function remains non-negative,
we define the damage cost as zero when the transportation time T" is less than y. This
assumption ensures the model’s physical consistency and provides a more realistic cost
estimation for optimizing cold chain routes.

N\~ 1—e a™-nf n >,y
Caamage = nze;v QnmnFn{ 0 Th <y 3)

The parameters @, 5, and y represent the scale, shape, and location factors of the
Weibull function, respectively.

Based on the above analysis, we construct the following optimization model for cold
chain multimodal transportation.
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min C = Cilj‘ + Cikl + Cl + CZ + C(T) + Cdamage + CemLsswn

Y Y G+ Y'Y Y Gt

neN (i,j)EA keK neN i€H k,lEK
— 0.0036m,n,T,
+an Z B nlnin
neN

3. 665(ET ETW)
YT M g

neN ieM k,leK
3.66S(ET;; — ET,
+ ( - ) thxkn (4)
neN (i,j)€EA keK p
+ Z P! Q,max[(T™*¥Y — T™), 0]

neN

+ Z Z P2 @, max[(T" — T™e"4), 0] + Z Oumy F™ (1

neN neN nenN
— e—“(Tn—Y)ﬁ) + w(z Z Z @mn kdk kn
neN (i,j)EA keK

F DD Gy
neN i€H k,leK

dak.
k _ U P .
th=—¢ V@) EAVKEK ()
T/ = [} +th, Vi~,i € M;Vk EK;Vn €N (6)
Lt =Tk + tklykl vie M;vk,le K;vneN )
T“=ZZt" ""+ZZt{;’y{‘,f vn €N ®)
(i,j)EA keK iEM k1eK
i=0
DR DI i=D,Vi€M;VyneN )
iteM kek i—€M keK i=H
k
ZZZ U"SanEN (10)
i€EO jJEM kEK
k
ZZZ U"SanEN (11)
i€EM jED kEK
Zx{j-"31 Vi,j € M;Vn €N (12)
kEK
Zym_l VieEM;VneN (13)
k,lEK
(1 —e~@T™-nfy < gn (14)
szikﬁi+22xil?+22yfﬁ Vie H;VYneN (15)
i—eEM keK iteM kek k,leK
ZQnmn K <uf; vi,j € M;VkEK (16)
nenN
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xkn ={(1) Vvi,j € M; Vk € K;Vn € N (17)
vii={) viem vkleKvnen (18)

The objective function (4) aims to minimize the total costs of cold chain multimodal
transportation. The total costs comprise six components: in-transit transport costs Ci’j-,
transfer costs Cl-kl, refrigeration costs C; and C,, time window penalty costs C(T), dam-
age costs Cygmage, and carbon emission costs Copission- Constraint (5) represents the
transit time of goods on each transportation arc. Constraint (6) specifies the arrival time
at node i. Constraint (7) specifies the departure time from node i. Constraint (8) denotes
the total time for a transportation task to reach its destination. Constraint (9) ensures flow
conservation: a net flow of 1 at the origin, -1 at the destination, and balanced flow at in-
termediate nodes. Constraints (10) and (11) ensure the uniqueness of the origin and des-
tination of the goods. Constraint (12) ensures that goods are transported between nodes i
and j using at most one mode of transport. Constraint (13) ensures that goods are trans-
ferred at most once at any node. Constraint (14) represents cargo damage. Constraint (15)
ensures transfer balance at intermediate nodes. Constraint (16) indicates the transporta-
tion capacity of the arcs. Constraints (17) and (18) define the transportation mode variable
x/7* on the arcs and the mode conversion variable yf; at intermediate nodes, both repre-
sented as binary decision variables.

To make the multi-task coordination mechanism mathematically explicit, the model
instantiates the CMCEF structure through specific network flow constraints. While Con-
straint (9) ensures the individual flow continuity (node balance) for each specific task n,
the coupling and resource competition among multiple tasks are explicitly governed by
Constraint (16). By aggregating the volumes of all commodities sharing the same arc (i, j)
and mode k, the model accounts for the shared nature of network capacity. This ensures
that the routing decision of one task potentially restricts the feasible space for others, ef-
fectively representing the systemic optimization of the cold chain network.

To handle such uncertainty, many researchers have employed triangular fuzzy num-
bers [31]. Following this line of research, we use triangular fuzzy numbers to represent
demand uncertainty. The triangular fuzzy demand for transportation order n is Q™ =
(QM,QR, QM), where 0 < Q' < QI < QI Q, is the uncertain demand, Q* is the most con-
servative estimate, Qy, is the mostlikely estimate, and Q7 is the most optimistic estimate.
To handle the model with fuzzy demand clearly, we adopt the fuzzy chance constrained
programming model proposed by Liu and Iwamura [32]. For a minimization problem, the
goal is to find the minimum value of the objective function achievable with a probability
of no less than the confidence level. The fuzzy chance constrained programming model is

as follows:
min f (19)
s.t.Pr{if(x, &) < f} = «a (20)
Prigi(x,€) <0,i=12,...,p} = B; (21)

x is the fuzzy decision vector, & is the fuzzy vector, a is the confidence level of the
objective function, f; is the confidence level of the constraints, f(x,¢) is the objective
function, and g;(x, €) is the constraint of the fuzzy programming.

Therefore, the chance-constrained programming model with fuzzy variables in this
paper is given by Equations (22)—(25).

min C (22)
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PriCx,y) <C}=za (23)

Pr{z Q'mxf <uf} = p Vi,j e M;vk €K (24)
nenN

a,B €[01] (25)

x and y are the fuzzy decision vectors, « is the confidence level of the objective
function, f is the confidence level of the constraints, and C(x,y) is the objective function.

According to the theorem for handling fuzzy demand, for any confidence level 6(0 <
0<1), Pr({(’f‘ < b} > 6 if and only if (1 —6)Q[' +6Q;, < b. Thus, the final model ex-
pression in this paper is as follows:

min C (26)
C=z[1-a)Ql+ aQ,’g](Z Z Z dfeefs x5 + ZZ Z cckt ykt
neN (i,j)EA keK neEN i€H k,leK
0.0036m,n,,T,

+ 10— 0QF + an[Z i

365S(ET ET)
£ 0, ) Tk

neN ieM k,leK

3.665(ETL- i — ETy)

+ B tfﬁ kn] +[(1-a)Q]
neN (i,))EA keK
+aQn] [Z P max[(T™e@ — T™) 0] (27)
neN
+ P2 max[(T" — T™"%),0]] + [(1 — a)Q}!
+aQRIL) maF™ (1= ™) 4 0[(1 - @)Qf

nenN
+ aQ,’,‘l](z Z Z muo*rkdf x
nEN (i,))eA kek
+ Z Z Z mnzz )
neEN i€H k,leEK

[(1= B)QF + BOR] Y maxly” < ul 28)

neN

Additionally, Equations (5)—(15), (17), (18) and (25) all hold.

4. An Improved ALNS Algorithm

Ropke and Pisinger [33] enhanced the large neighborhood search (LNS) algorithm
and introduced the ALNS algorithm. Unlike LNS, ALNS dynamically adjusts the weights
of the destruction and repair operators during the search process. This adaptability ena-
bles ALNS to more effectively explore the solution space and identify superior solutions,
leading to its widespread application in vehicle routing problems. In this paper, we apply
an improved ALNS to the multimodal transportation problem and refine the operators
based on the specific model characteristics. To ensure mathematical consistency with the
fuzzy model assumptions, the algorithm incorporates a pre-processing stage for demand
uncertainty. Specifically, before the iterative search begins, the fuzzy demand Q" is trans-
formed into a deterministic equivalent value Q™(a) based on the predefined confidence
level a, following the chance-constrained programming derivation in Equation (26). This
defuzzification-then-optimization framework guarantees that the ALNS operates in a de-
terministic search space while preserving equivalence with the original credibility-based
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fuzzy chance constraints. Furthermore, the scoring mechanism and operator selection
strategy of the ALNS algorithm are improved in this study, thereby improving the algo-
rithm’s performance and broadening the scope of applications. Figure 2 illustrates the
flowchart of the improved ALNS algorithm.

initial solution S;;

initialize the global best solution:Sy.=S.,,=S;., and compute f(S,,)

select a destroy operator atcept solut.u?
and a repair operator with P"gbablht p

yes
| destroy S, to obtain Sy, |

l —+pdate the current sqution:Sm,=S,eJ

I repair Sy, to obtain S, |

}

| compute f(S,,) |

oo™ S (50es) = fS0) |

pdate the ling temperature
and the scores of operators

no

one iteration?

yes

| pdate the operators weights

output Sy, and f(Sp.q) } » end

Figure 2. The flowchart of the improved ALNS algorithm.

4.1. Initial Feasible Solution

Step 1: starting from the origin node O, select a directly connected and unvisited node
i as the next node to visit.

Step 2: Add node i to the current path and remove it from the set of unvisited nodes.
Then, use node i as the new starting point to find the next directly connected and unvis-
ited node j.

Step 3: Repeat step 2 until the designated destination is reached. Upon reaching the
destination, connect all remaining unvisited nodes sequentially to the end of the current
path. Finally, generate a random transportation mode sequence and append it to the gen-
erated transport path, completing the initial feasible solution.

4.2. Destroy Operators

Random removal: randomly select two nodes and remove all routes between these
nodes.

Worst removal: Remove the path segment between the nodes with the highest and
second highest costs. The costs of node m are defined as the sum of the in-transit transport
costs, carbon emission costs between node m — 1 and node m, and the transfer costs and
carbon emission costs at node m — 1.
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Shaw removal: if a path contains more than the specified number of consecutive road
segments, these segments are deemed highly correlated, and the path is removed.

4.3. Repair Operators

Random insertion: randomly select a node directly connected to the previous node
that has not been visited and insert it as a new intermediate node into the previously re-
moved path.

Greedy insertion: In each iteration, the next node connected to the current node is
selected together with the corresponding transportation mode, such that the total costs
are minimized. The total costs consider in-transit transportation costs, transfer costs, car-
bon emission costs, respiratory refrigeration costs, and container heat transfer and leakage
costs. This process continues until a complete path is formed.

Worst insertion: When repairing the path between two nodes, choose the next node
connected to the previous node that results in the highest total costs and its corresponding
transportation mode. The cost calculation is the same as in greedy insertion.

Suboptimal insertion: select the next node connected to the current node that results
in the second lowest total costs and determine the best transportation mode for this con-
nection.

4.4. Adaptive Mechanism

The adaptive mechanism dynamically adjusts the selection probability of operators,
gradually focusing the search on better performing ones to find high-quality solutions

more quickly. After completing a search cycle, the weight of each operator is updated
Si, Jj
ui,j'

based on its score in that cycle. The weight update formulais w; ., = (1 —p)w;; +p

where w;; represents the weight of operator i in cycle j, p is the weight update coeffi-
cient, s; is the score of operator i, and u;; indicates the usage frequency of operator i.
The specific scoring strategy is as follows: If the new solution is better than the best-found
solution, it scores Scorel; if the new solution is better than the current solution but worse
than the best-found solution, it scores Score2; if the new solution is worse than the current
solution but accepted, it scores Score3; if the new solution is worse than the current solu-
tion and not accepted, it scores Score4.

4.5. Acceptance Criterion

When the new solution is better than the current solution, it is accepted and replaces
the current one. When the new solution is worse, it is accepted with a probability P. This

algorithm uses the concept of simulated annealing to determine the acceptance criterion,
_f(srepair)—f(scu‘rr)
and P is expressed as P = e n , where f(Syepair) denotes the objective func-
tion value of the candidate solution after destruction and repair, f(S.,.) represents the
objective function value of the current solution. T, is the temperature at the current iter-
ation in the simulated annealing algorithm. As the iterations progress, the temperature T
decreases gradually at a cooling rate c¢. With S, as the initial feasible solution, the initial
0.05

temperature T; is set as T; = s f(So). The pseudocode for the improved ALNS is

provided in Algorithm 1.

Algorithm 1. Pseudocode for the improved ALNS.
Input: initial solution S,, destroy operator set D, repair operator set R, cooling rate c, ini-
tial temperature T_initial
Output: the best-found solution S,
1: Step 1: initialize
2: Sy — S, //the best-found solution
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D N B U

10:
11:
12:
13:
14:
15:
16:
17:

S. « S, //current solution
T « T_initial//initial simulated annealing temperature

: Step 2: iterative search

while the iteration termination condition is not met then
/[choose an operator using roulette wheel mechanism
j <« use roulette wheel mechanism to choose a destroy operator from D
i « use roulette wheel mechanism to choose a repair operator from R
//operate on the current solution to generate a new solution
S, <« apply the destroy operator j and the repair operator i to S,
/[assess the new solution
if f(Sn) < f(Sp) then
Sp «— S, //update the best-found solution
S. <« S, //update current solution
else if the simulated annealing acceptance criterion is met then
S¢ < S, /laccept the new solution as the current solution according to

the simulated annealing criterion

18:
19:
20:
21:
22:
23:
24:
: Step 3: Output results:
26:

25

end if
/[update simulated annealing temperature
T «T=xc
if algorithm reaches the specified number of iterations, then
update operator weights based on previous performance data
end if
end while

Output the best-found solution S,

4.6. Methodological Enhancements of the Improved ALNS Algorithm

To strengthen the methodological contribution, this study introduces two targeted

enhancements to the standard ALNS algorithm, focusing on the adaptive scoring mecha-
nism and the operator selection strategy.

1.

Improved adaptive scoring mechanism: Most existing ALNS implementations adopt
fixed scores to evaluate operator performance, which limits the algorithm’s adapta-
bility and may hinder its ability to escape local optima. To address this issue, a ran-
domized adaptive scoring mechanism is proposed. Instead of using fixed values,
each score level is defined as a random variable within a predefined interval: Scorel
€ [28, 33], Score2 € [18, 23], Score3 € [8, 13], and Score4 € [3, 8]. By dynamically var-
ying the scores within reasonable bounds, the algorithm enhances search diversity
and improves its global exploration capability without sacrificing solution stability.

Alternating a dual-weight operator selection strategy: In the conventional ALNS
framework, operator selection probabilities are fully driven by accumulated weights.
Although effective in exploitation, this mechanism may lead to excessive reliance on
operators that perform well in early iterations, thereby reducing search diversity in
later stages. To mitigate this imbalance, an alternating dual-weight strategy is pro-
posed. Two weighting schemes are employed: dynamically updated weights follow-
ing the standard ALNS mechanism, and fixed uniform weights that assign equal se-
lection probabilities to all operators. The algorithm alternates between these two
schemes across iterations, using dynamic weights in odd-numbered iterations and
uniform weights in even-numbered iterations. This strategy balances exploitation
and exploration, prevents operator overuse, and improves overall search robustness.
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These enhancements constitute methodological refinements to the ALNS framework,
leading to improved performance in complex multimodal transportation optimization
problems.

5. Case Study

In this section, we employ the improved ALNS algorithm to address the multimodal
transportation route optimization for refrigerated goods in China. Considering the geo-
graphical imbalances in the distribution of refrigerated goods resources across the coun-
try, we design a comprehensive multimodal transportation path covering the entire na-
tion. This design aims to validate the model’s effectiveness and the feasibility of the im-
proved ALNS solution strategy in practical applications.

5.1. Background of Case

Based on several major cities in China, we construct a multimodal transportation net-
work comprising 33 city nodes and 130 transportation arcs utilizing both road and rail
transportation modes, as depicted in Figure 3. The numerical labels (1-33) in the figure
represent the indices of the city nodes. Solid lines represent connections between cities
that support both road and rail transportation, while dashed lines indicate connections
that are limited to road transportation only.

Figure 3. The network structure for multimodal transportation.

Since refrigeration costs are influenced by ambient temperature, each city node in
this study is assigned a reasonable ambient temperature. The average temperature for
each transportation arcis calculated as the mean of the temperatures at its two endpoints.

In selecting refrigerated goods, we consider the specialty products of the source lo-
cations and the actual demand in the destination areas. We choose the strawberry for
transport from Dandong to Guangzhou, the apple transport from Aksu to Hangzhou, the
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bean transport from Maoming to Beijing, and the yak meat transport from Leiwugi to
Shanghai.

Considering real-world conditions, we set the parameters for the model. The average
speed for road transport is 80 km/h, with a transport cost of 6.45 RMB/km - TEU and a
carbon emission coefficient of 3.1 kg COz/kg. According to the China Railway Network,
the average speed of rail transport is 60 km/h, with a transport cost of 4.14 RMB/km - TEU
and the same carbon emission coefficient of 3.1 kg CO:/kg. The transfer cost between road
and rail is 150 RMB/TEU, with a transfer time of 0.267 h/TEU and a transfer carbon emis-
sion coefficient of 0.128 kg/t. The thermal conductivity of refrigerated containers is 2.5
W/(m? - °C), with a heat transfer area of 31.91 m2 Based on the actual specifications of the
20 ft refrigerated container, the refrigeration output per unit of energy is 3000 W/kg, and
the unit energy cost is 8.82 RMB/kg. The unit storage cost is assumed to be 200 RMB/TEU -
h, the unit penalty cost 400 RMB/TEU - h, and the unit carbon emission cost 0.2 RMB/kg.
The parameters of the three-parameter Weibull distribution used to estimate cargo dete-
rioration in this study are based on the work of Sun [34]. To better reflect the damage
characteristics of refrigerated goods under the specific conditions considered here, these
parameters were slightly adjusted. Tables 2 and 3 summarize the parameters for the se-
lected refrigerated goods and the three-parameter Weibull model, respectively. The tem-
perature settings for different perishable goods follow the Technical Requirements for
Temperature-Controlled Transportation of Perishable Food (GB/T 22918-2008) [35]. Since
yak meat is transported in a frozen state, it does not generate respiratory heat and there-
fore does not require additional refrigeration to offset respiration. As a result, quality de-
terioration during transportation is considered negligible. In this study, the damage of
yak meat is assumed to be zero.

Table 2. Parameters related to refrigerated goods.

Ref(r;lfszzted Decs):ilrirtli-on Weight Volume Wril;:z:;vsTemperatureResplratory Value
strawberry 304 8 (16, 20, 22) 2448 2 41 20,000
apple 26-9 16  (17,25,28) 70-80 0 31 12,000
bean 3-29 10  (5,18,23) 48-60 8 24 13,200
yak meat 12-10 20 (20,28,34) 60-70 -18 — 60,000

Table 3. The three-parameter Weibull model for refrigerated goods.

Refgfg;zted o Three-Pa;ameter v Maximum Allowable Damage 6"
strawberry 0.00002 2 -20 20%
apple 0.005 0.45 -30 5%
bean 0.00006 1.6 10 10%
yak meat 0 0 0 0

5.2. Result of Case

Based on the above case analysis and related parameters, we implemented the im-
proved ALNS algorithm using MATLAB R2021a on a laptop with an Intel Core i7-12700H
2.3 GHz CPU and 16 GB RAM (ASUSTeK Computer Inc., Taipei, China). The algorithm
parameters were set as follows: a maximum of 500 iterations, an initial simulated anneal-
ing temperature of 500, a cooling rate of 0.9, and 20 iterations per stage. The results of the
improved ALNS algorithm, including the routes and total cost for the refrigerated goods,
are shown in Figure 4.
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total cost
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307, 733

902, 895

strawberry @andong}"-[shenyang]"-[Beijing]"’P[ Jinan ]‘"P[Zhengzhot}’[Wuhan}’@hangsha]”-%uangzhoq

time 0 3.04 .74 16,91 22.76 29.16  33.33 4181 % road
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apple [ Aksu ] D( Urumaqi ]P{ Xining HLanzhouH Xi'an }P[ZhengzhouH Hefei HHangzhou]

time 0 12.70 34. 50 44.73 56. 00 64. 52 74. 55 81.97

bean ﬁWaominMSuangzhthangsha Wuhan)—'@hengzhoqm’( Jinan ‘J--P[Beijing]

time 0 6.18 17.97 24. 85 33.42 43.90 49.07
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Figure 4. Transportation routes and total cost for each commodity.

The route selection results indicate that the multimodal transportation paths for the

refrigerated goods align with actual conditions, avoiding unreasonable phenomena such

as circuitous or repetitive routes. This demonstrates that our designed improved ALNS

algorithm exhibits high feasibility in real-world scenarios.

The total cost shown in Figure 4 encompasses in-transit transport, transfer, refriger-

ation, time penalty, cargo damage, and carbon emission costs. The proportion of each cost

component to the total cost varies across different types of refrigerated goods.

Figures 5-8 reveal that in-transit transport costs consistently dominate the total ex-

penses across all scenarios. For strawberry, the short shelf life necessitates the use of road

transport for the entire journey, as any extension in transportation time significantly in-

creases damage costs. In the case of yak meat transportation, the section from Leiwugi to

Lhasa is only accessible by road, making road transport the only viable option. In the cen-

tral and western regions, the rail distance is greater than the road distance. To minimize

time and refrigeration costs, the initial part of the route still utilizes road transport. The

transportation of apple and bean uses a combination of road and rail. These commodities

maintain quality over longer periods in refrigerated conditions, and the damage costs in-

curred over time are lower than the additional costs of exclusive road transport.

450,000 63%
400,000
350,000
300,000
250,000
200,000
150,000
100,000
50,000

34%

Figure 5. Cost composition for transporting strawberry from Dandong.
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Figure 6. Cost composition for transporting apple from Aksu.
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Figure 7. Cost composition for transporting bean from Maoming.
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Figure 8. Cost composition for transporting yak meat from Leiwugi.

5.3. Comparative Analysis of Results

To verify the effectiveness of the improved ALNS, this study conducts two sets of
comparative experiments: (1) a test comparing ALNS with Gurobi, and (2) a comparison
between ALNS and the Genetic Algorithm (GA).

5.3.1. Comparison with Gurobi

In this study, given the metaheuristic nature of the improved ALNS, the solutions
obtained are local optimal solutions, rather than the exact global optimal solutions. While
it cannot provide a mathematical guarantee of global optimality, the effectiveness of our
proposed improved ALNS algorithm is shown by comparing with the solutions obtained
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by Gurobi, thereby providing some insights for cold chain decision-making. Table 4 pre-
sents the comparative results of the total cost and computational efficiency for the four
types of refrigerated goods considered under study.

Table 4. Comparison of improved ALNS with Gurobi.

Cargo ALNS Gurobi Comparison Result
Total Cost Time Total Cost Time Gapl Gap2
Strawberry 679,487 0.23 679,487  127.11 0.00% -99.82%
Apple 943,727 0.24 943,727 14 0.00% -82.86%
Bean 307,733 0.25 296,927 0.67 3.64% -62.69%
Yak Meat 939,855 0.19 939,855 10.07 0.00% -98.11%

It is noteworthy that, for the small-to-medium-scale instances considered, the solu-
tions obtained by the Gurobi solver represent global optima of the model. Therefore, the
corresponding objective values can be regarded as strong lower bounds for evaluating the
performance of the proposed heuristic. From this perspective, the comparison in Table 4
does not merely reflect a heuristic-exact contrast, but provides a lower-bound benchmark
against which the solution quality of ALNS can be quantitatively assessed.

Specifically, for the strawberry, apple, and yak meat instances, the solutions obtained
by ALNS reach the same objective values as those reported by Gurobi under the experi-
mental settings considered. In contrast, in the bean transportation case, due to the stochas-
tic nature and local optimality of the heuristic search, ALNS converges to a near-optimal
local solution. In this case, the relative optimality gap with respect to the Gurobi lower
bound is 3.64%, which remains within an acceptable range for metaheuristic approaches.

Although Gurobi guarantees mathematical optimality, the ALNS demonstrates a
clear computational advantage. As shown in Table 4, the runtime of ALNS is lower than
that of Gurobi in all test instances. The time savings are particularly significant in the
strawberry and yak meat cases, where the computational time is reduced by over 98%
compared with the exact solver. This evidence indicates that the proposed ALNS can ob-
tain high-quality solutions with higher time efficiency, highlighting its practical suitability
for cold chain multimodal routing problems.

5.3.2. Comparison with GA

Genetic algorithms are extensively used in the existing literature to solve multimodal
transportation problems. To validate the effectiveness of the improved ALNS algorithm,
we applied both the improved GA algorithm and the improved ALNS algorithm to the
case study of transporting bean from Maoming to Beijing. The parameters of the GA al-
gorithm are set as follows: the maximum number of iterations is 400, the population size
is 50, the crossover probability is 0.8, the mutation probability is 0.2, and the elite ratio is
0.1. The solution results obtained by the two algorithms are presented in Figure 9 and
Figure 10.
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Figure 9. The improved ALNS algorithm.
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Figure 10. The improved GA algorithm.

As shown in Figure 9, the improved ALNS algorithm yields a minimum total cost of
RMB 307,733, with the optimized transportation route being 3 — [Rail] — 4 — [Rail] — 7
— [Rail] — 15 — [Rail] — 19 — [Road] — 21 — [Road] — 29. In contrast, as illustrated in
Figure 10, the improved GA algorithm produces a total cost of RMB 316,082, and the cor-
responding transportation route is 3 — [Rail] — 4 — [Rail] — 7 — [Rail] — 15 — [Rail] —
16 — [Rail] — 17 — [Rail] — 21 — [Road] — 29.

By comparing these results, the improved ALNS algorithm clearly exhibits superior
optimization capabilities over the improved GA algorithm. To further validate the perfor-
mance of the improved ALNS algorithm, we conducted 20 iterations for each algorithm,
recording the results in detail. The specific data are presented in Figure 11.

105
42 <10

3.8

cost 3.6

3.4

3.2

0 5 10 15 20
iterations

Figure 11. Results of 20 runs.
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As shown in Figure 11, although neither heuristic algorithm completely avoids local
optima, the improved ALNS algorithm generally produces better solutions than the im-
proved GA algorithm. Thus, the improved ALNS algorithm exhibits a higher global
search capability, thereby achieving superior performance.

The improved performance of the proposed ALNS compared with the standard
ALNS and GA algorithm can be attributed to its problem-specific methodological en-
hancements. The destroy and repair operators—designed for cold chain multimodal
transportation, including random, worst, and Shaw removal, as well as random, greedy,
worst, and suboptimal insertion—enable flexible yet guided modifications in solution
paths. In particular, greedy and suboptimal insertions focus the search on cost-intensive
segments considering transport, carbon, and refrigeration costs, while random insertion
preserves solution diversity, allowing the algorithm to exploit the problem structure ef-
fectively and explore alternative paths more efficiently than GA.

In addition, the randomized adaptive scoring mechanism and alternating dual-
weight operator selection strategy further enhance search robustness. Dynamic variation
in operator scores promotes global exploration and reduces the risk of getting trapped in
local optima, while alternating between accumulated and uniform weights maintains op-
erator diversity throughout iterations. Together, these enhancements improve solution
quality, explaining the observed advantages of ALNS for cold chain multimodal trans-
portation optimization.

5.4. Sensitivity Analysis

In this section, we perform a sensitivity analysis on rail freight rates, confidence levels,
and ambient temperature to offer valuable management insights for cold chain logistics
companies. First, we analyze the impact of rail freight rates on the selection of multimodal
transportation routes. With other parameters held constant, we gradually reduce the rail
freight rate in 10% increments, ensuring the total reduction ranges from 0% to 50%. Figure
12 shows the effects of these rail freight rate changes on the rail proportion.

100%
90%
80%
70%
60% —&— strawberry
50% apple

40% bean
—&— yak meat

rail
proportion

30%
20%
10%

0%e—o—o—o—o—©
0% 10% 20% 30% 40% 50%

Figure 12. Impact of rail freight rates changes on rail proportion.

Figure 12 reveals that regardless of changes in rail transport rates, highly perishable
goods like strawberry tend to favor faster road transport to minimize damage, resulting
in zero rail proportion for strawberry. Conversely, for less perishable goods such as apple,
bean and yak meat, decreasing rail rates lead to a preference for rail transport on all seg-
ments where it is available, with road transport only used for segments lacking rail access.

As rail transport rates decrease, the total transportation cost for refrigerated goods
shows a significant downward trend, as illustrated in Figure 13. Once rail rates reach a
certain level, the transport routes stabilize, and the decline in total cost closely matches

https://doi.org/10.3390/su18052230



Sustainability 2026, 18, 2230

22 of 29

the reduction in rail rates. During this phase, the primary driver of cost reduction is the
decrease in transportation expenses, while other cost factors remain constant.

1,000,000

900,000
800,000

700,000

600,000 ==@= strawberry

total cost 500,000 apple
bean
==@==yak meat

400,000
300,000
200,000
100,000

0
0% 10% 20% 30% 40% 50%

Figure 13. Impact of rail freight rates changes on total cost.

It can be observed that reducing rail transport rates not only effectively lowers trans-
portation costs but also encourages companies to adopt more energy-efficient and envi-
ronmentally friendly rail transport methods. When rail rates decrease by 10% to 20%, the
proportion of rail transport in multimodal transportation increases substantially. How-
ever, excessive reductions in rail rates might adversely affect the economic viability of
road transport and place additional operational pressure on railways. Therefore, the rail-
way authorities must set rail rates judiciously to maximize overall benefits.

In the previous case study, we assumed that the capacity of rail transport arcs could
accommodate the required transport volume. However, in practical applications, rail
transport capacity can occasionally be insufficient. To analyze the sensitivity of confidence
levels, we impose capacity constraints on certain rail transport arcs, with specific maxi-
mum flows detailed in Table 5.

Table 5. Maximum flow limits for rail transportation arcs.

Maximum Maximum
Arc Flow Are Flow
Urumgi (27)-Xining (22) 23 Zhengzhou (19)-Jinan (21) 17
Hefei (16)-Hangzhou (9) 24 Nanjing (17)-Shanghai (10) 27
Guangzhou (4)-Changsha (7) 16 Wuhan (15)-Hefei (16) 26

Parameter a represents service reliability, ensuring that the optimized multimodal
transportation plan satisfies uncertain customer demand with a specified probability. Pa-
rameter § denotes the confidence level of cost stability, reflecting the tolerance for cost
fluctuations caused by environmental variability, such as changes in ambient temperature
that affect refrigeration expenses. Given the high reliability requirements of cold chain
logistics, relatively high confidence levels are essential to prevent stockouts and the re-
sulting losses of perishable goods. Therefore, following relevant research [36,37], this
study varies the confidence level within the range of 75-95% in increments of 5%. From
the rail transport pricing sensitivity analysis, it is observed that strawberry, due to perish-
ability, is transported entirely by road. Therefore, rail transport capacity constraints do
not affect it. Consequently, this section focuses on the three types of refrigerated goods:
apple, bean, and yak meat. Tables 6-8 present the impact of confidence level changes on
the route choices and total cost for each type of perishable goods, where “—" represents
road transport and “-” represents rail transport.
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Table 6. Changes in transportation routes for apple.

Confidence Route Total
Level Cost
95% Aksu-Urumgqi-Hohhot-Shijiazhuang-Jinan-Nanjing-Hangzhou 993,151

90% Aksu-Urumgi-Hohhot-Shijiazhuang-Jinan-Nanjing-Hangzhou 976,920

Aksu-Urumgi-Xining-Lanzhou-Xi’an-Zhengzhou-Hefei-Hang- 910,846

85%
zhou

80% Aksu-Urumgqi—Xining-Lanzhou—Xi’an-Zhengzhou-Hefei-Hang- 894,461
zhou

75% Aksu—Urumql—Xmmg—Lanth}ll—o)fll an-Zhengzhou-Hefei-Hang- 878,112
zZ

Table 7. Changes in transportation routes for bean.

Confidence Route Total
Level Cost
95% Maoming-Changsha—Wuhan-Hefei-Nanjing—Jinan-Beijing 324,355
90% Maoming-Changsha-Wuhan-Zhengzhou-Jinan-Beijing 310,354
85% Maoming-Changsha-Wuhan-Zhengzhou-Jinan-Beijing 297,955
80% Maomlng—Guangzhou—Chang.s}la—Wuhan—Zhengzhou—]man— 275,996
Beijing
75% Maommg—GuangZhou—Chaggisj?;g—Wuhan—Zhengzhou—]man— 264,819

Table 8. Changes in transportation routes for yak meat.

Confidence Route Total
Level Cost
959 Lelwuql—Lhasa—Chengdu—Chongqlr'lg—WUhan—HEfEI—Nan] M8~ 963,625
Shanghai
90% Leiwuqi—Lhasa—Chengdu—Chongqif.lg_WUhan_Hefei_Nanjing_ 949,659
Shanghai
85% Lelwuql—Lhasa—Chengdu—Chongqlf_lg_WUhan_Hefel_Nan] M8~ 921,124
Shanghai
80% Lelwuql—Lhasa—Chengdu—Chongqlgg—Wuhan—Hefel—Nan]mg— 906,248
Shanghai
75% Lelwuql—Lhasa—Chengdu—Chongqlr'lg—Wuhan—Hefel—Nan]1ng— 880,028
Shanghai

Further analysis of Tables 6-8 indicates that the impact of the confidence level is re-
flected not only in cost levels but also in structural changes in modal choice. First, for all
three categories of goods, the total cost decreases monotonically as the confidence level
declines. This finding is consistent with theoretical expectations: lower service reliability
requirements reduce the need for capacity redundancy and expensive high-speed
transport options.

Second, regarding modal selection, a higher confidence level leads to a larger deter-
ministic equivalent demand, which may exceed railway capacity on certain arcs and con-
sequently force some route segments to be served by road transport. For example, in the
apple transportation case, increasing the confidence level from 85% to 90% results in the
inclusion of one additional road segment in the solution. This observation is consistent
with findings in a conventional multimodal transportation study [38], which indicate that
as the required feasibility degree for satisfying capacity constraints increases, cost-efficient
rail services with insufficient capacity are often excluded from feasible routing options.
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However, the underlying mechanism driving this modal shift in the proposed cold
chain model differs from that in traditional freight transportation. In conventional multi-
modal studies, the objective function typically emphasizes direct transportation and trans-
shipment costs, often represented as linear functions of distance and unit cost. Under such
a cost-first structure, routing decisions tend to favor slower and less expensive modes,
and rail transport is generally abandoned only when rigid capacity constraints are vio-
lated.

In contrast, the proposed cold chain model explicitly incorporates nonlinear Weibull-
based cargo damage costs and continuous refrigeration energy consumption. Because
product deterioration accelerates nonlinearly with transit time, routing decisions for per-
ishable goods must balance cost efficiency against timeliness and reliability, often priori-
tizing high-efficiency modes such as road transport to mitigate irreversible quality loss.
Consequently, although lowering the confidence level alleviates capacity pressure and al-
lows for greater utilization of rail services, the extent of this modal shift remains structur-
ally constrained by cargo perishability. Unlike traditional freight transportation —where
rail usage is primarily limited by network capacity —rail utilization in cold chain logistics
is jointly constrained by both capacity availability and the physical “freshness window”
of the cargo.

Although the total cost and modal shares vary with the confidence level, several find-
ings remain structurally robust: (1) rail transport remains the preferred mode whenever
capacity constraints permit; and (2) commodities with extremely strict temperature re-
quirements (e.g., yak meat) exhibit smaller modal shifts, indicating that temperature sen-
sitivity limits the impact of relaxing uncertainty constraints. Overall, uncertainty assump-
tions primarily affect the magnitude of cost savings. Therefore, when designing multi-
modal transportation strategies, decision-makers should carefully determine the confi-
dence level to balance uncertain demand satisfaction against cost efficiency, thereby
achieving overall cost optimization.

To investigate the impact of external environmental changes on the total cost of mul-
timodal transportation, a sensitivity analysis was conducted with respect to ambient tem-
perature fluctuations. Considering the seasonal characteristics of temperature variation in
cold chain logistics, the ambient temperature was adjusted in increments of 5 °C, with a
deviation range from -10 °C to +10 °C relative to the baseline temperature. Figures 14 and
15 illustrate the effects of temperature fluctuations on the total cost and refrigeration costs,

respectively.
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Figure 14. Impact of ambient temperature changes on total cost.
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Figure 15. Impact of ambient temperature changes on refrigeration costs.

As shown in Figure 14, the total cost for all types of refrigerated goods exhibits an
increasing trend as the ambient temperature rises. This trend is primarily driven by the
growth in refrigeration costs. Higher ambient temperatures intensify the heat exchange
between the refrigerated container and the external environment, leading to increased en-
ergy consumption to maintain the required internal temperature. Consequently, refriger-
ation costs increase significantly, which, in turn, raises the overall transportation cost.

Figure 15 further shows that refrigeration costs increase for all types of goods under
higher ambient temperatures. Among them, yak meat experiences the most pronounced
cost increase due to its required storage and transportation temperature of -18 °C, which
demands the highest level of cooling and energy consumption. In contrast, bean, with an
optimal temperature of 8 °C, requires less cooling energy and therefore exhibits the small-
est increase in refrigeration costs.

These findings indicate that ambient temperature is a critical external factor affecting
the operational cost of cold chain multimodal transportation. Therefore, logistics enter-
prises should account for seasonal and regional temperature differences when planning
transportation routes and selecting transport modes to achieve an effective balance be-
tween transportation efficiency and operating costs.

6. Discussion

The sensitivity analyses of rail freight rates, confidence levels, and ambient tempera-
ture provide several important insights for decision-making in cold chain logistics. Re-
garding rail freight rates, the results indicate that moderate rate reductions can substan-
tially increase the share of rail transport in multimodal operations, leading to both cost
savings and reductions in carbon emissions. This finding suggests that policymakers
should adopt differentiated pricing strategies that enhance the competitiveness of rail
transport while maintaining overall system efficiency. At the operational level, logistics
enterprises should dynamically adjust routing strategies in response to freight rate fluc-
tuations, prioritizing rail transport for less perishable goods and reserving faster road
transport for highly time-sensitive commodities.

With respect to demand uncertainty, lower confidence levels may reduce total cost
but at the expense of a higher risk of unmet demand. This trade-off highlights the need to
align the selected confidence level with a firm’s risk tolerance and service commitments.
Enterprises serving key customers or handling high-value perishable goods may prefer
higher confidence levels to ensure service reliability, whereas firms operating in more
price-sensitive markets may adopt lower confidence levels to improve cost efficiency.
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Ambient temperature represents another critical factor that should not be overlooked
in transportation planning. The results demonstrate that higher external temperatures sig-
nificantly increase refrigeration energy consumption, thereby raising overall logistics
costs. Cold chain enterprises are therefore encouraged to implement seasonal routing
strategies. During hot summer periods or when routes traverse high-temperature regions,
priority should be given to transport modes and routes with shorter transit times or supe-
rior thermal insulation performance. In addition, greater investment in advanced cold
chain technologies is recommended. Since refrigeration costs are highly sensitive to exter-
nal temperature conditions, improving the insulation performance of refrigerated con-
tainers—such as through the adoption of high-efficiency insulating materials—can effec-
tively reduce the total cost.

These managerial implications should, however, be interpreted in light of the mod-
eling assumptions adopted in this study. The model assumes constant travel speeds and
average ambient temperature along routes, whereas real-world operations may be af-
fected by traffic congestion or extreme weather events. The additional sensitivity analysis
indicates that although the total cost is responsive to temperature peaks, the optimized
route structure remains stable within a +5 °C range. This suggests that the proposed model
exhibits reasonable robustness to moderate environmental fluctuations.

Finally, the generalizability of the findings merits careful consideration. The im-
proved ALNS algorithm demonstrates superior solution quality compared with the GA
algorithm and therefore has the potential to be applied to similar multimodal transporta-
tion and cold chain routing problems. In contrast, the specific quantitative outcomes—
such as the exact percentage of cost savings—are case-dependent. These results are influ-
enced by the particular network structure of the Chinese cold chain as well as the high
perishability characteristics of the products examined in this study (e.g., strawberries).

7. Conclusions

This study presents an MIP model that incorporates carbon emissions and uncertain
demand to optimize multimodal transportation routes for refrigerated goods. The model
integrates key characteristics of refrigerated goods, such as refrigeration and damage
costs, filling a gap in the existing literature. As the problem is NP-hard, we develop an
improved ALNS algorithm, making enhancements to the adaptive mechanism. The case
study in China demonstrates that the improved ALNS algorithm outperforms the im-
proved GA algorithm, delivering high-quality route selection solutions in a shorter time.

Additionally, sensitivity analysis of the case study provides the following insights:
reducing rail rates for refrigerated multimodal transportation can attract more cargo; sci-
entifically selecting the confidence level helps satisfy customer demand while reducing
costs; and effective temperature management can limit refrigeration energy consumption,
thereby lowering overall logistics costs. Overall, these findings offer valuable managerial
insights for cold chain logistics companies and have significant practical implications.

Future research could further enhance the applicability and robustness of the pro-
posed model by relaxing some of its simplifying assumptions. First, the current model
assumes constant travel speeds across transportation modes. However, in practical oper-
ations, travel speeds are often affected by factors such as traffic congestion, weather con-
ditions, and infrastructure limitations. Future studies could incorporate uncertain or sto-
chastic variables to better capture this variability.

Second, this study assumes that shipments cannot be split, whereas in real-world
multimodal transportation, less-than-container-load and partial shipments are common.
Future research could extend the model and algorithm to handle multiple demand orders
and partial load assignments, thereby improving operational flexibility.

https://doi.org/10.3390/su18052230



Sustainability 2026, 18, 2230 27 of 29

Finally, the model presumes ideal transfer conditions and neglects rail schedule con-
straints. In reality, train timetables and synchronization issues can significantly influence
routing and scheduling decisions. Future work could therefore investigate the multi-
modal transportation of refrigerated cargo with multiple origins and destinations under
explicit rail schedule and transfer time constraints, providing a more realistic and opera-
tionally viable framework.
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