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Abstract

In fresh produce cold chain last-mile delivery, the highly dispersed customer base leads to
exorbitant delivery costs, posing the greatest challenge for cold chain enterprises. Achiev-
ing a symmetrical balance between cost-efficiency, environmental sustainability, and service
quality is a fundamental pursuit in logistics system optimization. This paper proposes
integrating the crowd-shipping logistics model—characterized by internet platform sharing
and flexibility—into the delivery service. It incorporates and extends features such as cold
chain delivery, mixed fleets using gasoline and diesel vehicles (GDVs), electric vehicles
(EVs), partial charging strategies for EVs, and time-of-use electricity pricing into the crowd-
shipping model. A joint delivery mode combining traditional professional delivery (using
GDVs and EVs) with crowd-shipping is proposed, creating a symmetrical collaboration
between centralized fleet management and distributed social resources. The challenges
associated with utilizing occasional drivers (ODs) are analyzed, along with the correspond-
ing compensation decisions and allocation-related constraints. A route optimization model
is constructed with the objective of minimizing total cost. To solve this model, an Improved
Whale Optimization Algorithm (IWOA) is proposed. To further enhance the algorithm’s
performance, an adaptive variable neighborhood search is embedded within the proposed
algorithm, and four local search operators are applied. Using a case study of 100 cus-
tomer nodes, the joint delivery mode with OD participation reduces total delivery costs
by an average of 24.94% compared to the traditional professional vehicle delivery mode,
demonstrating a more symmetrical allocation of logistical resources. The experiments fully
demonstrate the effectiveness of the joint delivery model and the proposed algorithm.

Keywords: cold chain distribution; crowd-shipping; mixed fleet; vehicle routing problem;
IWOA

1. Introduction
Transportation, particularly road freight, contributes 14% to global greenhouse gas

emissions, with road transport accounting for 75% of this share [1]. This issue is especially
significant in fresh produce cold chain logistics. To maintain the freshness of perishable
goods like refrigerated yogurt and frozen foods, cold chain transport requires a low-
temperature environment throughout the journey, resulting in energy consumption and
carbon emissions 30% higher than conventional vehicles [2]. The widespread use of gasoline
and diesel vehicles (GDVs), along with refrigerant usage and fuel combustion, are key
factors increasing energy consumption and environmental costs. As living standards rise
and the fresh produce e-commerce market expands (55% of US consumers are projected to
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buy groceries online by the end of 2024 [3]; China’s cold chain logistics market revenue
is expected to reach CNY 581.6 billion in 2024 [4] and CNY 630.2 billion by 2026 [5]), the
conflict between economic development and carbon reduction in fresh produce cold chain
logistics becomes increasingly prominent [6].

Promoting electric vehicles (EVs) is crucial for clean energy transition [7]. However,
EVs face route optimization challenges due to limited range, insufficient charging infras-
tructure, and high purchase costs, which restrict their large-scale independent deployment.
This makes route planning difficult, as delivery routes must be efficiently planned within
the limited range, considering charging station distribution and time-of-use electricity
pricing. Consequently, logistics companies often adopt mixed fleets of EVs and traditional
GDVs, leveraging EVs’ environmental benefits and lower operating costs while relying on
GDVs for long-distance or complex routes.

In fresh produce cold chain logistics, “last-mile” delivery faces challenges like dis-
persed customers and strict timeliness and freshness requirements, leading to high delivery
costs. The sharing economy offers a solution through the “crowd-shipping” model. This
model, based on digital platforms, integrates and utilizes idle social transportation capacity
to flexibly complete last-mile delivery tasks during predetermined trips in exchange for low
compensation [8]. Platforms like Amazon Flex, Walmart Spark, Meituan Crowd-shipping,
and Dada effectively mobilize social delivery resources, enhancing responsiveness and flex-
ibility, and addressing cold chain last-mile pain points. To cope with surging demand and
capacity pressure, collaboration between occasional drivers (ODs) and enterprise-owned
professional fleets (including mixed fleets) is becoming key to improving delivery efficiency
and quality.

However, a significant research gap persists. The existing literature often treats the
challenges of mixed fleets, crowd-shipping, and cold chain logistics in isolation, leading
to oversimplified models. Studies on mixed GDV/EV fleets frequently overlook the inte-
gration of crowd-shipping resources, while research on crowd-shipping typically assumes
homogeneous vehicles and neglects critical EV constraints, such as partial charging under
time-varying electricity costs. Furthermore, the intricate costs of continuous refrigera-
tion and product spoilage unique to cold chains are seldom incorporated jointly with
these elements.

This disjunction fails to capture the complex synergies and trade-offs inherent in
real-world last-mile delivery. Our work directly bridges this gap by proposing a unified
optimization framework that concurrently coordinates a professional mixed fleet with a
crowd-shipping network. The model holistically integrates partial charging strategies, time-
of-use pricing, refrigeration costs, and product perishability, providing a comprehensive
solution that moves beyond the current siloed approach.

This paper combines and extends the features of cold chain distribution, mixed fleet,
EV partial charging strategies, and time-of-use electricity pricing within a crowd-shipping
model. The core concepts of this study are intrinsically linked to the principle of sym-
metry in systems engineering and optimization. Firstly, the problem inherently seeks a
symmetrical balance between multiple, often competing, objectives: minimizing economic
cost and maintaining product quality (freshness). Secondly, the proposed solution—a
hybrid system integrating professional fleets (GDVs and EVs) with a crowd-shipping
network—establishes structural symmetry between centralized, planned logistics and de-
centralized, opportunistic resources. This symbiotic relationship ensures system resilience
and flexibility. Furthermore, the algorithmic solution (IWOA) employs symmetric and
asymmetric search patterns (through its adaptive variable neighborhood search) to navigate
the complex solution space efficiently, mirroring the balance between intensive local search
(exploitation) and broad global search (exploration). Thus, this work contributes to the field
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of symmetry by applying its principles to achieve harmonious and efficient coordination in
a complex, real-world logistics system.

The main contributions of this paper are:
(1) Integrated crowd-shipping and mixed fleet model: A novel integration framework

for ODs and professional fleets (GDVs and EVs) under partial charging and time-of-use
pricing in cold chain optimization

(2) Precise EV operational modeling: Advanced EV routing optimization that accounts
for battery thresholds, partial charging flexibility, and dynamic energy costs to enhance
operational feasibility.

(3) Hybrid metaheuristic with adaptive search: Developed an Improved Whale Opti-
mization Algorithm integrating adaptive variable neighborhood search and specialized
operators for complex mixed-fleet routing.

The rest of the paper is organized as follows: In Section 2, the related work is reviewed.
Section 3 presents the formulation for model construction. In Section 4, the proposed
IWOA is described in detail. Section 5 discusses simulation experiments, including a
comparison of experimental results and a comparative analysis of algorithms. Finally,
Section 6 summarizes the study and explores possible extensions.

2. Literature Review
There are three types of literature related to this study: (1) cold chain distribution vehi-

cle routing problems, (2) crowd-shipping vehicle routing problems, and (3) heterogeneous
fleet vehicle routing problems.

2.1. Cold Chain Distribution Vehicle Routing Problem

The cold chain distribution vehicle path optimization problem, vital to logistics, aims
to balance product timeliness, quality, and energy use. Early studies combined Vehicle
Routing Problem with Time Windows (VRPTW) with penalty costs for perishability [9]. As
sustainability grows in importance, researchers have integrated economic, environmental,
and social goals. Leng et al. [10] created a model minimizing costs, waiting times, and
environmental harm. Wei et al. [11] included fuel costs and time limits, strengthening the
energy consumption model.

Product quality has emerged as a key focus. Liu et al. [12] examined the trade-offs
among costs, freshness, and emissions. Mousavi et al. [13] developed a stochastic algorithm
for reducing quality loss in perishable product transport. Temperature control is crucial
for energy efficiency. Hsu and Chen [14] explored multi-temperature zone distribution.
Chen et al. [15] introduced a time-dependent refrigeration cost model, showing traffic and
carbon taxes’ impact on energy use.

Carbon emission costs are now integral to decision making. Zhang et al. [2] created a
low-carbon routing model using an enhanced ant colony algorithm. Zulvia et al. [16] used
a multi-objective algorithm for green vehicle routing with dynamic times. Multi-depot
and multi-vehicle type scenarios are emerging trends. Chen et al. [17] used the variable
neighborhood search for multi-compartment loading. Song et al. [18] improved the artificial
fish swarm algorithm for heterogeneous fleets. Wang et al. [19] proposed a collaborative
multi-depot model for cost reduction.

In recent years, the hybrid scheduling of electric and fuel-powered refrigerated vehicles
has become an emission reduction hotspot. Song et al. [20] validated the environmental
advantages of electric models for short-distance delivery through urban–rural customer
distribution experiments. However, existing research still exhibits significant limitations:
most models oversimplify charging facility availability and charging time constraints,
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while failing to adequately integrate social transportation resources to address last-mile
delivery volatility.

2.2. Crowd-Shipping Vehicle Routing Problem

Crowd-shipping logistics provides an innovative pathway to overcome last-mile deliv-
ery bottlenecks by integrating fragmented social transportation resources. Archetti et al. [21]
pioneered the concept of the crowd-shipping vehicle routing problem, enabling companies
to outsource partial demands to opportunistic drivers, significantly reducing fixed fleet
sizes. Subsequently, scholars progressively expanded model complexity: Macrina et al. [22]
incorporated customer and driver time window constraints while enabling single-driver
multi-task delivery; Dahle et al. [23] explored dynamic pickup–delivery scenarios involving
collaboration between professional and ODs. Notably, interdisciplinary research merg-
ing crowd-shipping with green logistics has recently emerged. Macrina et al. [24] first
demonstrated that integrating ODs into mixed fleets (fuel/electric vehicles) simultane-
ously reduces operational costs and pollution emissions; Niu et al. [25] utilized Beijing’s
empirical data to prove that crowd-shipping decreases empty mileage and CO2 emissions.
Concurrently, incentive mechanism design has become critical. Cao et al. [26] proposed
distance-proportional compensation formulas with professional driver fairness constraints;
Le et al. [27] optimized task allocation efficiency by predicting driver acceptance rates
through compensation threshold models. In practical applications, Guido et al. [28] val-
idated environmental benefits of combining trucks, cargo bikes, and crowd-shipping in
Turin case studies; and Macrina et al. [29] further developed a bi-objective integer program-
ming model (cost minimization and emission minimization) to quantify crowd-shipping’s
contribution to sustainability.

However, crowd-shipping cold chain research remains nascent. Qi and Zhu [30] pro-
posed a two-echelon hybrid open-close cold chain routing model solved by an adaptive
large neighborhood search algorithm. Despite significant progress, the existing literature
predominantly assumes homogeneous vehicles and overlooks charging constraints for elec-
tric ODs, failing to address mixed fleet coordination needs in cold chain scenarios. Moreover,
dynamic routing optimization models exhibit response latency in real-time operations.

2.3. Mixed Fleet Vehicle Routing Problem

The mixed fleet vehicle routing problem enhances system flexibility by coordinating
vehicles with varying capacities, energy consumption profiles, and operating costs. Early re-
search focused on fuel-powered vehicle heterogeneity is as follows: Subramanian et al. [31]
developed a hybrid algorithm (iterative local search and set partitioning) that reduced
total costs by 9.3% in 360-node tests, demonstrating that vehicle type matching enhances
resource utilization; Koç et al. [32] revealed the cost penalty of homogeneous fleets through
Pareto frontier analysis—heavy-duty fleets increased costs by 22.46%–28.58%, light-duty
fleets by 19.88%, and medium-duty fleets by 2.49%, all underperforming heterogeneous
solutions. With the proliferation of electric vehicles (EVs), mixed fleets (fuel + electric) have
emerged as a new pathway for emission reduction. Goeke and Schneider [33] integrated
energy consumption models for both vehicle types, incorporating dynamic variables like
road gradient and load weight; and Hiermann et al. [34] further incorporated charging sta-
tion constraints to synchronize EV fleet sizing and routing. Recent algorithmic innovations
accelerate complex scenario applications: Macrina et al. [35] developed an iterative local
search algorithm supporting partial charging strategies for EVs; Ren et al. [36] established
a dual-objective hybrid energy model (environmental benefits + customer satisfaction),
improving variable neighborhood search efficiency by 40%. Chen et al. [37] further ad-
vanced mixed fleet routing by incorporating hybrid energy modes and partial charging
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strategies, demonstrating significant cost savings in clustered customer scenarios through
Dantzig–Wolfe decomposition.

In cold chain logistics, heterogeneous fleet research faces unique challenges: Li et al. [38]
designed a branch-and-price algorithm for mixed electric/fuel refrigerated vehicle routing
with time windows; Bac and Erdem [39] optimized EV charging schedules by integrating
multi-depot operations, time-of-use electricity pricing, and split deliveries. Notably, fleet
renewal strategies impact long-term emission reduction: Jiang et al. [40] proposed a shared
mixed fleet sizing method to minimize redundant vehicle investments.

However, prior research on heterogeneous fleets exhibit critical limitations that our
work explicitly addresses. First, the majority of existing models overlook the potential for
cold chain-specific collaboration with ODs, treating professional fleets and crowd-shipping
resources as separate domains. Second, and more significantly, they fail to jointly optimize
the unique cost structures of cold chain logistics—namely, product spoilage and continuous
refrigeration costs—with the operational complexities of a mixed GDV/EV fleet, which in-
cludes partial charging strategies under time-of-use electricity pricing. Furthermore, while
recent advances have effectively integrated optimization with prediction and control in dy-
namic systems [41,42], the literature on mixed fleet routing has predominantly overlooked
the holistic optimization of this complex set of static logistical constraints that are unique
to the last-mile delivery problem. This siloed approach, as highlighted in the introduction,
neglects the complex synergies and trade-offs inherent in the integrated problem. Our work
aims to fill this comprehensive gap by proposing a unified model that concurrently tackles
cold chain perishability, time-varying energy costs, partial charging, and crowd-shipping
compensation within a single optimization framework, thereby advancing the practical
application potential of mixed fleets in fresh product distribution.

3. Problem Formulation and Model Development
3.1. Problem Description

Consider a scenario where a crowd-shipping platform within a network diagram
(e.g., Figure 1) utilizes a professional fleet and capable ODs to manage mixed delivery
requests from the depot. The professional mixed fleet comprises GDVs and EVs. The
number of customers, locations, demands, and service time windows are all predefined.

 
Figure 1. Cold chain distribution network.

A realistic energy consumption model is employed to construct the mathematical
model. This model accounts for fixed costs, damage costs, refrigeration costs, penalty
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costs, and energy consumption (transportation costs for GDVs and charging costs for EVs).
Furthermore, the ODs have their own destinations. This enables us to model the routing
problem for ODs while maintaining the structure of the generic formulation and incor-
porating professional mixed vehicles. Consequently, a new term, namely, compensation
for ODs, is added to the objective function. The optimization algorithm is designed to
minimize the total cost of the model, yielding a best-found solution vehicle configuration
and routing scheme.

3.2. Model Foundations
3.2.1. Assumptions

(1) EVs have a limited range, whereas GDVs have a larger range, which is considered
sufficient to fulfill the distribution tasks during the planning period;

(2) EVs are fully charged when departing from the depot. If they have insufficient
power on the way to distribution, they can go to the recharging station to recharge;

(3) ODs are fuel-powered vehicles; (This assumption is made to simplify the model for
non-professional drivers, avoiding the complexities of range anxiety and charging behavior
that could deter participation, and to align with the current reality where the majority of
private vehicles are fuel-powered.)

(4) Professional vehicles will not return to the depot until the last customer is served.
After serving the last customer, ODs will return to their respective destinations.

The assumption that professional vehicles only return to the depot after completing
all assigned routes reflects a common practice in full truckload delivery operations, max-
imizing daily utilization and minimizing empty runs. For ODs, concluding their trip at
their personal destination is a core incentive of the crowd-shipping paradigm.

3.2.2. Notation

The mathematical notation used throughout the model formulation is summarized
in Table 1.

Table 1. Model notation definition.

Category Notation Notation Definition

Sets and Indices o Index for distribution depot
c Set of customer nodes
E Set of recharging station nodes
K Set of professional delivery vehicle, K ∈ K f ∪ Ke
K f Set of gasoline and diesel vehicles (GDVs)
Ke Set of electric vehicles (EVs)
Ks Set of occasional drivers (ODs)
B Set of ODs’ destinations

Parameters w f Maximum cargo capacity of GDVs
we Maximum cargo capacity of EVs
v f GDVs speed
ve EVs speed
a f The fixed cost of GDV
ae The fixed cost of EV
dij The distance from node i to node j
q f Fuel consumption per unit distance traveled
qe Power consumption per unit distance traveled
ϖ The unit price of diesel oil
p f Cost of refrigeration per unit of time for GDVs
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Table 1. Cont.

Category Notation Notation Definition

pe Cost of refrigeration per unit of time for EVs
θ Spoilage rate of fresh produce during transportation and charging
φ the unit price of fresh products
tij Travel time between nodes i and j
si Service time at customer node i
qi The number of products required by customer node i
rk

i Capacity available after accessing customer node i
rk

i Capacity available after accessing customer node i
wk

i The actual load of vehicle k at node i
Eik Charge of vehicle k at recharging station node i
g Charging speed
Emax Battery capacity
[ei, li] Customer node i time window restrictions
β1 Penalty cost factor for early arrival
β2 Penalty cost factor for delayed arrival
c OD compensation cost per unit distance
bk OD k destination
σ Detour factor
M A sufficiently large positive constant

Intermediate variable E1
ik Electricity of vehicle k arriving at node i

E2
ik Electricity of vehicle k leaving node i

t1
ik Time for vehicle k to reach node i

t2
ik Time for vehicle k to leave node i

Decision Variables xk
ij If GDV k travels to node j from node i, xk

ij is 1, otherwise xk
ij is 0

yk
ij If EV k travels to node j from node i, yk

ij is 1, otherwise yk
ij is 0

zk
ij If OD k travels to node j from node i, zk

ij is 1, otherwise zk
ij is 0

hk
i If EVs k is charging at node i, hk

i is 1, otherwise hk
i is 0

3.3. Electric Vehicle Charging Metrics
3.3.1. Partial Charging Strategies

EVs consume battery charge proportionally with distance travel, requiring charging
upon reaching a task point if either: (1) the battery level falls below 20% of maximum
capacity (safe charge), or (2) the remaining charge is insufficient to reach the nearest
charging station. The charging quantity is then determined by the power requirements of
the remaining tasks—charging to 80% of maximum capacity if the required power exceeds
the EV’s capacity, otherwise charging precisely to the required capacity.

Figure 2 illustrates this with 12 customers (C1–C12), 4 stations (R1–R4), and a depot
(D). E1 serves C1 and C2 without charging. E2, after delivering to C5, charges at R1 to
the required level for serving C3, C4, and C6. E3 charges once at R4 and twice at R3,
demonstrating that stations can be used multiple times. R2 is available but is not used
in the depicted solution. Battery charge percentages along routes indicate state upon
arrival/departure.
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Figure 2. Schematic diagram of electric vehicle charging.

3.3.2. Time-of-Use Electricity Pricing

This paper uses time-of-use electricity pricing data from policies issued by China’s
Jiangsu Provincial Development and Reform Commission in 2023 [43]. Equation (1) and
Figure 3 show the relationship between EV charging prices and time periods, where γq(t)
is the charging price at time t (the unit is CNY/kWh).

γq(t) =



0.2805, 0 ≤ t < 8
1.1526, 8 ≤ t < 11
0.6703, 11 ≤ t < 17
1.1526, 17 ≤ t < 22
0.2805, 22 ≤ t < 24

(1)

 
Figure 3. Time-of-use electricity pricing function.

3.4. Cost Analysis

The mathematical models for calculating the following costs are adapted from founda-
tional works in the literature [2,10,11,27].

(1) Fixed costs: The single-use cost incurred by a depot for dispatching each vehicle
includes routine maintenance costs and driver wages. This component of the cost is
independent of the vehicle’s travel time and distance, and it typically remains constant.

f1 = ∑
k∈K f

∑
i∈C

xk
oia f + ∑

k∈Ke

∑
i∈C

yk
oiae (2)
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The first and second terms in (2) represent the aggregate fixed costs associated with all
GDVs and EVs, respectively, when departing from the depot.

(2) Transportation costs: Transportation costs in (3) are related to the fuel consumption
of GDVs and are typically proportional to vehicle mileage.

f2 = ∑
k∈K f

∑
i∈O∪C

∑
j∈O∪C

xk
ijdijq f ϖ (3)

(3) Charging costs: When an EV has insufficient remaining power, it will either proceed
to a nearby charging station to recharge or return to the depot. The charging cost in (4) is
calculated as the product of the charging amount at the station and the EV’s electricity cost
per unit. The total charging cost is a nonlinear function of the continuous time variable. To
linearize this, we employ a time discretization strategy, segmenting the planning horizon
into fixed intervals with constant electricity prices.

f3 = ∑
k∈Ke

∑
i∈E

hk
i γq(t)Eik (4)

(4) Damage costs: Perishable products tend to degrade significantly over time, which
affects their quality. To model the change in freshness of these products, the freshness decay
function D(t) = D0e−θt proposed in the literature is employed [44]. The exponential term
introduces a nonlinearity into the objective function. In this function:

D(t) represents the freshness of the cold chain product at time t;
D0, the initial freshness, is set to a fixed value of 1 in this study, indicating that the

product starts with 100% freshness when it leaves the depot;
θ denotes the freshness decay coefficient.
Given the brief duration that the refrigerated compartment door is open during service

at customer points, the model does not differentiate between the cargo damage that occurs
while the vehicle is in route and that which occurs during service stops.

In (5), the first term represents the cost of damage incurred by GDVs during delivery
to customer j, the second term for EVs, and the third term for ODs.

f4 = ∑
k∈K f

∑
i∈O∪C

∑
j∈O∪C

xk
ij φwk

j

[
1 − e−θ(tij+sj)

]

+ ∑
k∈Ke

∑
i∈C∪O∪E

∑
j∈C∪O∪E

yk
ij φwk

j

1 − e
−θ(tij+sj+

Eik
g

)


+ ∑

k∈Ks

∑
i∈O∪C

∑
j∈O∪C

zk
ij φwk

j

[
1 − e−θ(tij+sj)

]
(5)

(5) Refrigeration Costs: Cold chain products are perishable. To maintain product fresh-
ness, refrigerated trucks consume refrigerants to preserve a low-temperature environment,
incurring refrigeration costs. These costs cover the refrigerants used during both product
transportation and unloading. In (6), refrigeration costs are assigned as follows: the first
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term corresponds to GDVs, the combined second and third terms correspond to EVs, and
the fourth term corresponds to ODs.

f5 = ∑
k∈K f

∑
i∈O∪C

∑
j∈O∪C

xk
ij p f

(
tij + sj

)
+ ∑

k∈Ke

∑
i∈O∪C

∑
j∈O∪C

yk
ij pe
(
tij + sj

)
+ ∑

k∈Ke

∑
i∈C∪O∪E

∑
j∈E

yk
ij pe

(
tij +

Eik
g

)
+ ∑

k∈Ks

∑
i∈O∪C

∑
j∈O∪C

zk
ij p f

(
tij + sj

)
(6)

The decomposition of EV refrigeration cost into two components reflects their opera-
tional distinction from GDVs. Whereas GDVs have sufficient range, EVs require mid-route
charging, during which the refrigeration system continues operating and accruing costs.
Consequently, the second term quantifies refrigeration during transit, and the third term
during charging, enabling a precise operational cost comparison across the mixed fleet.

(6) Supplementary costs: Willing ODs visit the depot to serve customers in their
assigned delivery areas. Orders from a customer cluster can be accepted by ODs if the
supplementary distance they traverse to serve this cluster is less than (1 + σ) times the
distance from the depot to their ultimate destination. In (7), the logistics company’s
reimbursement to ODs for customer service is proportionate to the supplementary costs
arising from detours.

f6 = ∑
k∈Ks

c

(
∑

i∈O∪C
∑

j∈C∪B
dijzk

ij − dObk

)
(7)

(7) Penalty Costs: In real scenarios, fresh products may be delivered earlier or later
than the customer’s time window. When the vehicle arrives at the customer at a time
outside of the time window in which the customer can receive the service, a certain time
window penalty cost will be incurred, as in (8). Where the coefficient of the time penalty
function β2 is set to be greater than the coefficient β1, as delayed deliveries cause constant
penalty costs to compensate for the customer’s waiting time.

f7 = ∑
k∈K∪Ks

∑
i∈C

[
β1max

{(
ei − t1

ik
)
, 0
}]

+ ∑
k∈K∪Ks

∑
i∈C

[
β2max

{(
t1
ik − li

)
, 0
}] (8)

3.5. Mathematical Model

Our mathematical model is defined as follows:

minz = f1 + f2 + f3 + f4 + f5 + f6 + f7 (9)

Constraints:

∑
j∈O∪C

xk
ij = ∑

j∈O∪C
xk

ji, ∀i ∈ C, ∀k ∈ K f (10)

∑
j∈C∪O∪E

yk
ij = ∑

j∈C∪O∪E
yk

ji, ∀i ∈ C, ∀k ∈ Ke (11)

rk
i + qjxk

ij − w f (1 − xk
ij) ≤ rk

j ≤ w f , ∀i, j ∈ O ∪ C, ∀k ∈ K f (12)

rk
i + qjyk

ij − we(1 − yk
ij) ≤ rk

j ≤ we, ∀i, j ∈ O ∪ C, ∀k ∈ Ke (13)

∑
i∈O∪C

∑
j∈O∪C

xk
ijqi ≤ w f , ∀k ∈ K f (14)
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∑
i∈C∪O∪E

∑
j∈C∪O∪E

yk
ijqi ≤ we, ∀k ∈ Ke (15)

t1
jk ≥ t1

ik +
(
si + tij

)
xk

ij − M
(

1 − xk
ij

)
, ∀i, j ∈ O ∪ C, ∀k ∈ K f (16)

t1
jk ≥ t1

ik +

[(
1 − hk

i

)
si + hk

i
Eik
g

+ tij

]
yk

ij − M
(

1 − yk
ij

)
, ∀i ∈ C ∪ E, j ∈ C ∪ O ∪ E, ∀k ∈ Ke (17)

t2
ik = t1

ik + si, ∀i ∈ C, ∀k ∈ K f (18)

t2
ik = t1

ik +
(

1 − hk
i

)
si +

Eikhk
i

g
, ∀i ∈ C ∪ E, ∀k ∈ Ke (19)

tij =
dijxk

ij

v
, ∀i, j ∈ C ∪ O ∪ E, ∀k ∈ K f (20)

tij =
dijyk

ij

v
, ∀i, j ∈ C ∪ O ∪ E, ∀k ∈ Ke (21)

E2
ok = Emax, ∀k ∈ Ke (22)

E1
jk ≤ E2

ik − qedijyk
ij + Emax

(
1 − yk

ij

)
, ∀i, j ∈ C ∪ O ∪ E, ∀k ∈ Ke (23)

E1
ik ≥ 0.2Emax, ∀i ∈ C, ∀k ∈ Ke (24)

E2
ik = E1

ik + hk
i Eik, ∀i ∈ C ∪ E, ∀k ∈ Ke (25)

∑
i∈C

yk
ij = hk

j , ∀j ∈ E, ∀k ∈ Ke (26)

∑
j∈C

xk
oj = ∑

i∈C
xk

io, ∀k ∈ K f (27)

∑
j∈C

yk
oj = ∑

i∈C
yk

io, ∀k ∈ Ke (28)

∑
i∈C∪O∪E

xk
ij + ∑

i∈C∪O∪E
yk

ij+ ∑
i∈C∪O∪E

zk
ij = 1, ∀j ∈ C (29)

xk
ij, yk

ij, hk
i ∈ {0, 1} (30)

∑
j∈C∪O∪B

zk
ij = ∑

j∈C∪O∪B
zk

ji, ∀i ∈ C, ∀k ∈ Ks (31)

rk
i + qjzk

ij − w f

(
1 − zk

ij

)
≤ rk

j ≤ w f , ∀i ∈ O ∪ C, ∀j ∈ B ∪ C, ∀k ∈ Ks (32)

∑
i∈O∪C

∑
j∈O∪C

zk
ijqi ≤ w f , ∀k ∈ Ks (33)

t1
jk ≥ t1

ik + tijzk
ij − M

(
1 − zk

ij

)
, ∀i ∈ O ∪ C, ∀j ∈ B ∪ C, ∀k ∈ Ks (34)

t2
ik = t1

ik + si, ∀i ∈ C, ∀k ∈ Ks (35)

tij =
dijzk

ij

v
, ∀i, j ∈ O ∪ C, ∀k ∈ Ks (36)

∑
i∈O∪C

∑
j∈C∪B

dijzk
ij ≤ dobk

(1 + σ), ∀k ∈ Ks (37)

zk
ij ∈ {0, 1} (38)

The model’s constraints are partitioned by vehicle type: professional vehicles (10)–(30)
and ODs (31)–(38). For professional vehicles: (10)–(11) ensure nodal flow conservation,
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maintaining route continuity, while load (12)–(15) govern vehicle capacity by tracking
load weight changes between nodes and enforcing maximum capacity limits. Timing
constraints (16)–(22) manage the complex temporal aspects of the operation: constraint
(16) calculates GDV arrival times at customer points; (17) determines EV timing with
considerations for recharging scenarios; (18)–(19) define departure times from customer
sites and charging stations; and (20)–(21) detail travel time calculations between nodes.
EV-specific energy management is addressed through (22)–(26), which ensure a full initial
charge, calculate power consumption between nodes, maintain a minimum 20% charge
safety buffer, exempt unloading operations from power consumption, and regulate the
charging process. Structural requirements are enforced through (27)–(30), ensuring all
professional vehicle routes start and end at the depot, each customer is visited exactly once,
and defining the decision variables. For ODs: (31) enforces flow conservation, (32)–(33)
impose load limits, (34)–(36) manage time constraints, (37) restricts detour distance, and
(38) defines decision variables.

The model structure ensures that a feasible solution exists using only the professional
fleet, guaranteeing the non-emptiness of the overall constraint set for the defined problem.

4. Improved Whale Optimization Algorithm
The proposed optimization model for integrated cold chain crowd-shipping with

time-of-use electricity costs is a Mixed-Integer Nonlinear Programming (MINLP) model.
Nonlinearities arise from the exponential freshness decay function and time-dependent
charging costs, making exact solutions computationally prohibitive for real-world instances
due to non-convexity. To enhance tractability, the model is reformulated into a Mixed-
Integer Linear Program (MILP) via piecewise linear approximation of the freshness decay
and time discretization of electricity pricing. Despite linearization, the problem remains
NP-hard for large-scale instances, necessitating a metaheuristic approach.

This paper introduces an Improved Whale Optimization Algorithm (IWOA). The
original Whale Optimization Algorithm (WOA), inspired by humpback whales’ foraging
behavior, offers simple implementation and few parameters but suffers from slow conver-
gence and local optima stagnation in complex problems [45–48]. The IWOA enhances the
WOA by integrating an adaptive variable neighborhood search (VNS), improving both
global exploration and local exploitation capabilities.

The computational complexity of the IWOA is governed by three main components:
population initialization, the main iterative loop including position updates, and the adap-
tive VNS procedure. This structure ensures effective navigation of the complex solution
space inherent in the underlying rich VRP—which incorporates time-of-use electricity
pricing, perishability, and crowd-shipping, and is strongly NP-hard. The IWOA achieves a
superior balance between exploration (via encircling and random search mechanisms) and
exploitation (through bubble-net attack behavior and VNS), reducing premature conver-
gence and improving solution quality compared to algorithms that emphasize one search
aspect over the other. The analytical procedure of the IWOA is illustrated in Figure 4.
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Figure 4. Improved Whale Optimization Algorithm Flowchart.

4.1. Encoding and Decoding

The algorithm employs positive integer encoding. Each whale individual represents a
feasible solution, with its length being the sum of the number of customer points and the
total number of vehicles. For instance, when serving 5 customer points with 2 GDVs, 1 EV,
and 1 OD, the customers are numbered 1 to 5, the GDVs are numbered 6 and 7, the EV is
numbered 8, and the OD is numbered 9. A whale individual generated according to the
initial solution generation rule is encoded as {6, 5, 3, 7, 2, 8, 4, 9, 1}. This indicates that GDV6
serves customer points 5 and 3 in sequence, GDV7 serves customer point 2, EV8 serves
customer point 4, and OD9 serves customer point 1. Finally, charging stations are inserted
into each route based on the EV’s power constraints to obtain the final delivery solution.

4.2. Generate Initial Solution

First, a random sequence generates the initial population. After that, the location
coding of the whales is repaired: (1) Ensure that the first node in the coding is a vehicle
node: if the first node in the location coding is not a vehicle node, swap the first node
with the first vehicle node in the coding; (2) Ensure that every vehicle satisfies the capacity
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constraints: for each vehicle exceeding the capacity constraints, attempt to move the node
with the smallest demand in its route to the route of another vehicle that still has available
capacity; and (3) OD detour repair: randomly select the demand points of ODs that do
not satisfy the constraint and insert them into the routes of other non-ODs. Then, check
whether there is a customer that does not satisfy the power constraint, and if so, insert the
nearest charging station to the previous customer into the distribution route.

4.3. Individual Whale Position Update

The traditional whale optimization algorithm is not suitable for solving discrete
optimization problems. Therefore, it is necessary to adapt the algorithm by integrating
the model’s characteristics and considering the position update mechanisms of whale
individuals. Additionally, introducing the crossover operation from genetic algorithms can
help complete the position update of whale individuals.

Assuming that the current best whale individual is X∗, the current whale individual is
X j, then the update formula for the current whale individual X j+1 is as follows:

X j+1 =

{
X∗

j+1 i f p < 0.5
Cross3

(
X j, X∗) i f p ≥ 0.5

(39)

In (39), Cross3 is the third crossover mode of crossover operation for two whale
individuals; and p is a random number from 0 to 1.

X∗
j+1 =

{
Cross1

(
X j, X∗) i f A < 1

Cross2
(
X j, X∗) i f A ≥ 1

(40)

In (40), Cross1 is the first crossover mode of crossover operation for two whale individ-
uals; Cross2 is the second crossover mode of crossover operation for two whale individuals;
and A is a random number from 0 to 2.

The parameter p controls the choice between exploitation and exploration, while A
further refines the exploitation strategy by switching between local and global search.

The first crossover method Cross1 is shown in Figure 5, with individual X∗ shown in
the top row and individual X j shown in the middle row. The crossover steps are as follows:

 
Figure 5. The first crossover method Cross1.

Step 1: First, randomly select an element e1 at a position in the individual whale X∗

(element 9 at position 8), secondly, find the element e2 (element 4) at the position in the
individual whale X j, then go back to the individual whale X∗ to find the position p2 of the
element e2 (element 4 at position 7), and then find the element e3 (element 2) at the position
p2 in the individual whale X j. Repeat the previous work until a loop is formed (Figure 5
right diagram), the positions of all the elements in the loop are the final selected positions
(positions 2, 5, 7, and 8).
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Step 2: Use the selected element in the whale X j(9, 5, 2, 4)—put them in the positions
selected in Step 1 and supplement with the remaining elements from the whale X∗ to
construct whale X′

j (bottom row in Figure 5).
The second crossover method Cross2 is shown in Figure 6, with individual X∗ shown in

the top row and individual X j shown in the middle row. The crossover steps are as follows:

Figure 6. The second crossover method Cross2.

Step 1: Randomly select a set of position indices (in this example, positions 2, 5, and
8, marked with dashed lines in Figure 6) and extract the elements at these positions from
X j (elements 9, 5, and 4). Then, determine the order in which these elements appear in
the leader individual X∗ (element 5 appears first at position 2, followed by element 4 at
position 7, then element 9 at position 8).

Step 2: Keep the unselected elements in the individual whale X j unchanged and fill
the selected positions in sequence with the elements obtained in Step 1 (i.e., position 2
receives 5, position 5 receives 4, and position 8 receives 9). The resulting offspring X j is
shown in the bottom row of Figure 6.

The third crossover method Cross3:
Step 1: Randomly select the elements at two positions in the whale individual X j and

swap their positions, as shown in Figure 7.

Figure 7. The third crossover method Cross3: switching operations section.

Step 2: The modified new individual X j and the whale individual X∗ are subjected to
the Cross1 operation.

4.4. Charging Station Insertion Operator

If the current power is not enough to fulfill the remaining tasks or it is less than
20% upon reaching the next demand point, charging stations are added after the current
demand point. In order to avoid vehicles visiting charging stations that are too far away,
the charging station with the shortest distance is inserted before the vehicle falls below the
safety threshold, provided that the power constraint is satisfied.

4.5. Local Search Strategy

The WOA is known to be susceptible to falling into local optima. To counteract this
issue, the variable neighborhood search (VNS) algorithm, introduced by Mladenović and
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Hansen in 1997, is integrated [49]. VNS, a powerful metaheuristic for solving combinatorial
and global optimization problems, systematically explores multiple neighborhoods and
incorporates perturbation phases to effectively escape local optima. By enhancing the WOA
with the VNS, the resulting algorithm benefits from the robust exploration capabilities of
the VNS, which helps in overcoming the limitations of the WOA and leads to improved
optimization performance.

4.5.1. Variable Neighborhood Search

In this paper, VNS is used for the local search operation, with the best-found solution
s from each iteration of the WOA serving as the initial solution for the VNS.

Given the initial solution s, defines m neighborhood structures, denoted as Nk,
(k = 1, 2, 3 · · ·m). The graphical illustration of the variable neighborhood search algorithm
is shown in Figure 8.

 

Figure 8. Neighborhood search process.

When the search in the current neighborhood fails to find a better solution than the
current one, the algorithm jumps to the next neighborhood to continue the search. Con-
versely, if an improved solution is found within the current neighborhood, the algorithm
resets to the first neighborhood to restart the search, as shown by the green solid line.

4.5.2. Neighborhood Search Operators

N1 Commutative Operator: Randomly selects two different positional indexes and
exchanges the elements at these positions.

N2 Insertion Operator: Randomly removes an element, keeps the others unchanged,
and inserts the removed element into a random position.

N3 Inverse Operator: Randomly reverses the order of a segment.
N4 Random Removal and Relocation Operator: Randomly selects 20% of elements

from different positions in the original sequence, removes them, and inserts them sequen-
tially into random positions.

4.5.3. Adaptive Mechanisms

The Adaptive Mechanisms section describes a dynamic neighborhood search strategy
that adjusts the search count according to the algorithm’s iteration phase. Initially, the
search count is set low to accelerate population convergence. If the best-found solution does
not improve after a local search, both the neighborhood search count and the consecutive
unchanging count increase. Conversely, if the solution improves, these counts reset. The
process continues until the consecutive unchanging count hits the maximum preset value,
at which point the algorithm stops and outputs the best-found solution.
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4.6. Greedy Strategy

This paper also incorporates the destruction and repair principles from the large-
scale neighborhood search method. Initially, destruction is applied to indiscriminately
remove multiple nodes from the current solution. Subsequently, the repair operator, which
employs the greedy heuristic insertion algorithm by Popke and Pisinger is used to reinsert
the removed nodes into the disrupted solution [50]. The algorithm traverses each node,
attempting insertion into different vehicle routing positions and calculating the resulting
objective function value change. If a more favorable insertion point is identified (i.e., one
that reduces the objective function value), the best-found solution insertion vehicle and
location are updated.

5. Simulation Experiment and Result Analysis
5.1. Experimental Setup

The benchmark instances employed in this computational study are synthetic, a com-
mon and necessary practice in the field due to the current absence of public real-world
datasets for cold chain distribution problems that integrate the specific complexities of
mixed fleets, partial charging strategies, and crowd-shipping with occasional drivers.
Consequently, this study develops a new dataset based on prior studies. To ensure the
representativeness and validity of our experiments, these instances were meticulously con-
structed based on well-established and widely recognized frameworks from the operations
research literature.

Framework and charging station locations: The charging station locations in
this study are adapted from the electric vehicle routing problem (EVRP) dataset by
Schneider et al. [51]—which builds upon the Solomon benchmark—via a linear transfor-
mation to align with the spatial and logistical context of our problem.

Customer time windows are adapted from Solomon’s benchmark [52], with modifica-
tions to tighten time windows reflecting the urgent freshness requirements of cold chain
logistics, informed by the approaches in [51,53]. The earliest departure time from the depot
is uniformly set to 7:30 a.m. to align with typical urban distribution operations.

ODs destinations: The study refers to Martin-Santamaria et al. [54] to set the destina-
tion coordinates of ODs. The specific number of ODs available for each instance is assigned
based on the scale configurations defined in Table 2.

Table 2. Scale configurations.

Scale Customers Charging Stations ODs

Small 25 5 13
Medium 100 20 50

Large 200 40 100

The dataset comprises 15 instances spanning three dimensions:
Scale: Defined by customer count, charging stations, and ODs;
Distribution type: Solomon’s spatial patterns (Random/R, Clustered/C, Mixed/RC);
Base cases: C101, C201, R101, R201, RC101.
Naming convention: [Base cases]—[Customer Count].
For example, in C101-100: C101 indicates the geographical distribution is based on

the clustered distribution case C101, and 100 indicates there are 100 customers (which,
according to Table 2, corresponds to the medium scale configuration: 20 charging stations
and 50 ODs).

The experimental parameter settings are shown in Table 3.
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Table 3. The experimental parameters of the simulation.

Parameter Value Parameter Value

w f 250 kg pe 7 CNY/h
we 200 kg θ 0.005
v f 48 km/h φ 5 CNY/kg
ve 50 km/h g 95.628 kWh/h
a f 150 CNY/vehicle Emax 79.69 kWh
ae 180 CNY/vehicle β1 30 CNY/h
q f 0.3 L/km β2 50 CNY/h
qe 1 CNY/km c 1.2 CNY/km
b 5.4 CNY/L σ 0.6

p f 9 CNY/h

All algorithms were programmed using MATLAB R2019b, the operating system is
Windows 11, the computer has 16 GB of RAM, and the CPU is an Intel(R) Core (TM)
i7-13700H at 2.40 HHz.

To ensure fairness and reproducibility, all algorithms were configured with parameters
established through preliminary experiments and common practices in the metaheuristics
literature. The population size was set to 100 for all population-based algorithms (IWOA,
WOA, GA, BSO, GWO), and a maximum of 200 iterations was set as the common stopping
criterion. The random number generator seed was fixed using MATLAB’s rng(1) command
to ensure reproducible results.

The key parameter settings for each algorithm are specified as follows:

- IWOA: Convergence parameter (A) randomly generated in the range [0,2] to regulate
exploitation intensity; initial VNS count: 5; maximum stagnation count: 10; destruction
proportion: 20%.

- WOA and GWO: Convergence parameter (A) varying randomly between 0 and 2.
- GA: Crossover rate: 0.8; mutation rate: 0.1.
- SA: Initial temperature: 100; cooling rate: 0.95; reannealing interval: 100.
- BSO: Number of idea clusters: 5; replacement probability: 0.2; probability of selecting

one cluster: 0.4.

These parameter choices remained consistent across all experimental evaluations to
ensure a fair and consistent comparison.

5.2. Analysis of Model Effectiveness

To verify the effectiveness of the constructed model and the proposed algorithm,
this paper selects the C101-100 instance for simulation analysis. This instance features
100 customer points, 20 charging stations, a sufficient number of professional vehicles,
and 50 ODs. The coordinate points are shown in Figure 9, where both the horizontal and
vertical axes represent geographical coordinates in kilometers.

5.2.1. Joint Distribution Mode with the Participation of ODs

The convergence of the proposed IWOA is first verified through experimentation
on the C101-100 instance. The proposed IWOA is compared with five established meta-
heuristics: the Whale Optimization Algorithm (WOA) for its simplicity and bubble-net
foraging mechanism; the Genetic Algorithm (GA) for its evolutionary operators of se-
lection, crossover, and mutation; Simulated Annealing (SA) for its metallurgy-inspired
probabilistic hill-climbing trajectory; the Brain Storm Optimization (BSO) algorithm for its
brainstorming-like clustering and idea-generation process; and the Grey Wolf Optimizer
(GWO) for its social hierarchy-inspired swarm hunting intelligence.
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Figure 9. C101-100 example diagram.

Figure 10 shows the evolution trajectories of six algorithms under the best-found
solution. As illustrated, the proposed IWOA can converge within 200 iterations. Thanks to
its strong local search capability, the algorithm can obtain high-quality solutions in fewer
iterations. The results indicate that the proposed algorithm’s convergence speed is faster
than that of other benchmark algorithms.

 

Figure 10. Evolutionary trajectories of the six algorithms.

Figure 11 illustrates the joint ODs distribution scheme optimized by the IWOA. The
total cost of this scheme is CNY 3285.55, and the detailed distribution plan is presented
in Table 4. In this scheme, the depot is represented by serial number 0, customers are
represented by serial numbers 1–100, charging stations are represented by serial numbers
101–120, and ODs are represented by serial numbers 121–170.

As shown in Figure 11, the routing solution utilizes multiple vehicle types with distinct
visual representations: all EV routes are shown in blue dashed lines (including EV1: 0-75-
96-94-100-103-4-6-7-0; EV2: 0-21-30-39-37-38-31-111-43-49-50-51-52-0; etc., as detailed in
Table 4). GDVs are represented by magenta dotted lines, and ODs by solid green lines. The
complete routing details for all vehicles are provided in Table 4.
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Figure 11. Diagram of routing results under the joint distribution model.

Table 4. The joint distribution solution of C101-100 obtained by the IWOA.

Vehicle Type Vehicle Routing Distributed Volume Volume Share (%)

EV1 0-75-96-94-100-103-4-6-7-0 110 6.08
EV2 0-21-30-39-37-38-31-111-43-49-50-51-52-0 170 9.39
EV3 0-87-99-103-2-97-103-3-9-8-0 130 7.18
EV4 0-92-95-93-104-89-88-91-0 140 7.73
EV5 0-90-62-69-68-115-46-47-57-55-61-66-0 160 8.84
EV6 0-12-14-16-17-19-107-15-13-10-11-5-0 200 11.05
OD1 0-67-32-121 40 2.21
OD2 0-1-86-83-78-123 50 2.76
OD3 0-29-27-25-28-26-125 90 4.97
OD4 0-34-36-35-33-126 80 4.42
OD5 0-22-45-48-128 40 2.21
OD6 0-74-72-79-80-77-81-130 120 6.63
OD7 0-40-56-53-131 60 3.31
OD8 0-98-85-84-82-138 90 4.97
OD9 0-20-44-139 20 1.10
OD10 0-70-71-76-144 60 3.31
OD11 0-65-42-151 30 1.66
OD12 0-64-58-152 40 2.21
OD13 0-23-157 10 0.55
OD14 0-63-73-159 60 3.31
OD15 0-24-18-165 30 1.66
OD16 0-41-59-60-54-166 80 4.42

5.2.2. Traditional Professional Vehicle Distribution Model

Figure 12 illustrates the distribution scheme of the professional vehicle fleet optimized
by the IWOA, with a total cost of CNY 4171.80. The detailed distribution plan is presented
in Table 5.
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Figure 12. Routing result diagram in traditional distribution mode.

Table 5. The traditional distribution solution of C101-100 obtained by the IWOA.

Vehicle Type Vehicle Routing Distributed Volume Volume Share (%)

GDV1 0-67-65-64-56-53-0 80 4.42
GDV2 0-90-87-86-2-83-82-84-85-88-89-91-0 200 11.05
GDV3 0-73-70-71-79-77-76-78-81-80-72-61-66-0 180 9.94
GDV4 0-21-24-25-16-19-18-15-17-13-11-10-0 250 13.81
GDV5 0-23-22-32-36-39-38-37-26-0 150 8.29
EV1 0-20-29-27-33-35-31-111-54-55-57-0 190 10.50
EV2 0-59-58-60-114-48-46-47-43-0 120 6.63
EV3 0-96-95-98-94-93-92-104-97-100-99-0 190 10.50
EV4 0-1-34-110-51-50-52-49-0 70 3.87
EV5 0-63-74-62-69-68-115-4-6-0 170 9.39
EV6 0-75-42-44-45-113-7-3-9-5-8-0 130 7.18
EV7 0-12-14-107-0 30 1.66
EV8 0-41-40-30-28-0 50 2.76

5.2.3. Comparison of the Two Modes

Table 5 compares the combined distribution model with the traditional distribution
mode. Compared to the traditional distribution model using professional vehicles, the joint
distribution model with OD participation achieves a 21.24% reduction in total cost, which
is given by 4171.8−3285.6

4171.8 ∗ 100%.
The number of professional vehicles used is reduced from 13 to 6, with ODs handling

nearly half of the goods volume. As shown in Table 6, the joint distribution model enables
the complete replacement of GDVs by ODs, demonstrating its feasibility and advantages.
In the selected case, C101-100, which features a centralized customer point distribution
with 100 delivery points, the high fuel consumption of GDVs makes it feasible for only
EVs and ODs to conduct distribution. The experimental parameters are realistic and the
examples are representative.
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Table 6. Comparison results of the two models.

C101-100 Joint OD Model Traditional Model

Total cost (CNY) 3285.6 4171.8
GDVs distribution (%) 0 47.51
EVs distribution (%) 50.28 52.49
ODs distribution (%) 49.72 0
Professional vehicles 6 13

ODs employed 16 0

To further substantiate this conclusion and validate the general applicability of the
joint distribution model’s advantages, a comparative analysis of computational outcomes
across multiple scenarios was conducted. As summarized in Table 7, the joint distribution
model, which integrates ODs, achieves a significant reduction in the total cost for all tested
instances when compared to the traditional model reliant solely on professional vehicles.
The average cost reduction reaches 24.94%. This result robustly indicates that the previously
mentioned cost saving of 21.24% is not an isolated case but represents compelling evidence
for the consistent effectiveness of the proposed model.

Table 7. Cost comparison across instances.

Instance Total Cost (Traditional
Model)/CNY

Total Cost (Joint OD
Model)/CNY Cost Reduction/%

C101-100 4171.8 3285.6 21.24
C101-100 4215.6 3076.0 27.03
R101-100 4450.8 3380.5 24.05
R201-100 4780.4 3410.0 28.67

RC101-100 5120.5 3907.0 23.70
Avg 4547.8 3411.8 24.94

The total cost data (CNY) for the traditional model are derived from IWOA optimiza-
tion runs on the identical instances, under a configuration that uses only the professional
fleet (GDVs and EVs) and excludes OD participation.

5.3. Comparison of Algorithm Performance

To evaluate the performance of the IWOA, it is compared with five other heuristic
algorithms: GA, SA, BSO, GWO, and WOA. Experimental instances, including C101,
C201, R101, R201, and RC101, are solved to compare the results of the six algorithms
across different scales. Each experiment is run thirty times, and the results are presented
in Tables 8–10, including statistical metrics such of the best value, average value, gap,
standard deviation, and computation time, gap = (avg − best)/best.

Table 8. Results of small-scale arithmetic for 25 customer sites.

Instance Algorithm Best (CNY) Avg (CNY) Gap% SD t/s

C101-25

IWOA 571.23 573.00 0.31 1.8753 10.26
WOA 581.85 592.21 1.78 7.6004 10.61

GA 634.19 639.69 0.87 2.7853 8.11
SA 578.00 584.94 1.20 3.3054 14.67

BSO 592.01 598.01 1.00 2.5047 18.69
GWO 617.76 626.42 1.42 5.1182 10.60
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Table 8. Cont.

Instance Algorithm Best (CNY) Avg (CNY) Gap% SD t/s

C201-25

IWOA 812.51 814.52 0.25 2.2257 6.15
WOA 903.99 908.56 0.51 3.3955 6.02

GA 878.22 884.39 0.70 3.5287 4.00
SA 847.44 854.16 0.79 3.2253 8.97

BSO 870.64 873.41 0.32 2.8755 10.05
GWO 867.22 875.33 0.94 5.6962 5.79

R101-25

IWOA 1040.24 1044.03 0.36 2.7333 7.03
WOA 1411.14 1432.37 1.50 10.2618 7.76

GA 1298.26 1312.32 1.08 9.7746 5.80
SA 1276.47 1297.77 1.67 11.8084 11.38

BSO 1167.27 1183.16 1.36 10.4805 13.13
GWO 1300.81 1320.13 1.48 16.9492 7.51

R201-25

IWOA 1001.49 1003.43 0.19 1.5398 11.32
WOA 1215.18 1235.67 1.69 14.3022 13.97

GA 1135.18 1150.09 1.31 10.4845 9.76
SA 1101.86 1119.74 1.62 12.2531 20.83

BSO 1066.36 1076.83 0.98 6.5459 25.10
GWO 1236.90 1268.07 2.52 14.0098 13.12

RC101-25

IWOA 638.82 641.38 0.40 1.7930 13.00
WOA 720.38 728.73 1.16 4.7057 15.95

GA 746.03 754.60 1.15 5.3001 11.50
SA 709.03 718.96 1.40 4.0458 23.28

BSO 649.00 657.29 1.28 5.0199 26.40
GWO 696.00 702.11 0.88 5.4162 14.93

Note: The best result for each instance is highlighted in bold.

Table 9. Results of medium-scale arithmetic for 100 customer sites.

Instance Algorithm Best (CNY) Avg (CNY) Gap% SD t/s

C101-100

IWOA 3285.55 3300.99 0.47 5.9394 271.70
WOA 5391.40 5559.27 3.11 24.5990 266.22

GA 4625.27 4695.11 1.51 15.1365 105.33
SA 4412.98 4538.22 2.84 22.7308 357.42

BSO 3535.88 3614.73 2.23 15.6519 327.60
GWO 4474.56 4541.81 1.50 14.2130 189.69

C201-100

IWOA 3075.95 3092.39 0.53 5.0381 376.92
WOA 6426.79 6451.30 0.38 12.9488 283.21

GA 4713.79 4744.99 0.66 14.7765 112.22
SA 5272.97 5423.93 2.86 16.6804 482.62

BSO 3596.36 3641.36 1.25 9.8516 350.34
GWO 4877.12 4941.05 1.31 18.3204 217.62

R101-100

IWOA 3380.51 3421.89 1.52 9.5294 97.85
WOA 7044.19 7491.20 6.34 34.2460 105.79

GA 5857.53 5983.66 2.15 30.8073 46.91
SA 6015.01 6316.32 5.01 14.2185 101.98

BSO 4580.90 4633.64 1.15 9.9742 192.59
GWO 7729.54 8053.12 4.19 26.2517 86.59
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Table 9. Cont.

Instance Algorithm Best (CNY) Avg (CNY) Gap% SD t/s

R201-100

IWOA 3409.97 3422.23 0.36 3.1989 60.92
WOA 6377.18 7076.70 10.97 40.9685 77.19

GA 5548.18 5777.14 4.13 21.1633 40.86
SA 5562.80 5795.26 4.18 23.0320 98.80

BSO 4741.30 4878.15 2.89 17.3611 65.17
GWO 7152.39 7465.14 4.37 42.2598 45.64

RC101-100

IWOA 3907.04 3955.52 1.24 9.2745 251.13
WOA 6819.54 6847.75 0.41 7.0932 277.75

GA 5036.22 5120.16 1.67 21.3115 110.85
SA 5924.41 5936.91 0.21 5.5246 385.67

BSO 4155.08 4193.09 0.92 9.3380 338.85
GWO 5527.05 5609.17 1.49 15.4878 165.83

Note: The best result for each instance is highlighted in bold.

Table 10. Results of large-scale arithmetic for 200 customer sites.

Instance Algorithm Best (CNY) Avg (CNY) Gap% SD t/s

C101-200

IWOA 4436.39 4599.41 3.67 7.8599 1255.15
WOA 5811.20 5936.58 2.16 17.9118 1378.30

GA 5212.18 5342.71 2.50 18.6468 1040.25
SA 5978.47 6158.82 3.02 25.7643 1366.90

BSO 4535.90 5161.14 13.79 12.1769 1034.12
GWO 6588.34 6743.17 2.35 18.7574 940.07

C201-200

IWOA 3833.71 3901.57 1.77 7.4957 331.53
WOA 4237.79 4347.41 2.59 15.6590 406.50

GA 4034.07 4089.51 1.37 10.4739 297.85
SA 4180.73 4303.76 2.94 17.5746 515.53

BSO 3975.02 4089.10 2.87 15.7447 437.58
GWO 4940.34 5019.40 1.60 11.2938 516.94

R101-200

IWOA 5633.83 5855.02 3.93 14.4559 876.32
WOA 7060.57 7307.02 3.49 35.2066 843.66

GA 6671.29 6786.56 1.73 16.4665 462.24
SA 7286.93 7363.98 1.06 11.0065 1136.56

BSO 6078.55 6149.06 1.16 10.0721 1026.01
GWO 7555.46 7745.86 2.52 32.8977 500.41

R201-200

IWOA 4848.87 4883.67 0.72 4.9715 497.85
WOA 5642.68 5714.50 1.27 10.2597 541.80

GA 5202.99 5335.04 2.53 18.8645 429.10
SA 5538.67 5593.11 0.98 7.7766 894.55

BSO 4898.74 4966.26 1.38 9.6454 774.77
GWO 6475.24 6582.73 1.66 13.0942 486.11

RC101-200

IWOA 6384.05 6542.61 2.48 12.3661 392.64
WOA 9050.83 9343.95 3.24 41.8750 740.35

GA 7710.49 7921.63 2.74 30.1617 533.24
SA 8166.07 8497.31 4.06 47.3192 913.45

BSO 6857.65 6959.47 1.48 14.5454 831.30
GWO 9356.06 9670.42 3.36 36.9376 488.73

Note: The best result for each instance is highlighted in bold.

As shown in Figure 13, the IWOA yields better best solutions than other benchmark
algorithms across all 15 instances. Additionally, the average value obtained by the IWOA
is no worse than the best solutions from other algorithms in 14 instances, with the sole
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exception of the C101-200 instance where the best solution found by the BSO algorithm
(4535.90 CNY) is lower than the average value of IWOA (4599.41 CNY). This indicates
that the proposed algorithm demonstrates stronger search capabilities when addressing
the problem.

 
Figure 13. Variation in best-found solution for each instance.

From the changes in the standard deviation values in Figure 14, it can be seen that
the performance of the algorithm proposed in this paper is stable. Although in some
cases, the running time of this algorithm may be longer than that of other algorithms, the
computation time remains within an acceptable range. Overall, the IWOA proposed in this
paper can solve problems within a reasonable computation time.

 

Figure 14. Variation in standard deviation across instances.

The experimental results (Tables 8–10 and Figures 13 and 14) serve as empirical
validation of the algorithm’s scalability and efficiency. The computation time (t/s) increases
at a manageable, polynomial rate with problem size (from small 25-customer instances to
large 200-customer ones), demonstrating its practical applicability to large-scale problems.
Furthermore, the consistently lower objective values and standard deviations across all
instances indicate that the IWOA not only finds better solutions but does so more reliably
than its counterparts.
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5.4. Sensitivity Analysis of Crowd-Shipping Key Parameters

To further explore the managerial implications of crowd-shipping participation in
cold chain distribution, this study conducts a sensitivity analysis on two key parameters
influencing crowd-shipping costs:

Key Parameter One: The flexibility of ODs, represented by detour factor (σ).
Key Parameter Two: The payment for ODs, represented by the cost per unit distance

(c).
To evaluate the impact of these parameters, we solved the example R101-25 using all

combinations of the following values: σ = 0.4, 0.5, 0.6, 0.7, and 0.8, c = 1, 1.2, and 1.4. The
best solution for each combination was obtained using the IWOA with a population size
of 100, 200 iterations, and 30 independent runs. The corresponding routing diagrams are
presented in Figures 15–19.

   
( ) 0.4 1cσ = =a ，  ( ) 0.4, 1.2cσ = =b  ( ) 0.4 1.4cσ = =c ，  

Figure 15. Fixed σ = 0.4, best-found solution routing diagram with parameter c variations.

   
( ) 0.5 1cσ = =a ，  ( ) 0.5, 1.2cσ = =b  ( ) 0.5 1.4cσ = =c ，  

Figure 16. Fixed σ = 0.5, best-found solution routing diagram with parameter c variations.

   
( ) 0.6 1cσ = =a ，  ( ) 0.6, 1.2cσ = =b  ( ) 0.6 1.4cσ = =c ，  

Figure 17. Fixed σ = 0.6, best-found solution routing diagram with parameter c variations.
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( ) 0.7 1cσ = =a ，  ( ) 0.7, 1.2cσ = =b  ( ) 0.7 1.4cσ = =c ，  

Figure 18. Fixed σ = 0.7, best-found solution routing diagram with parameter c variations.

   
( ) 0.8 1cσ = =a ，  ( ) 0.8, 1.2cσ = =b  ( ) 0.8 1.4cσ = =c ，  

Figure 19. Fixed σ = 0.8, best-found solution routing diagram with parameter c variations.

The resulting costs are summarized in Table 11.

Table 11. Cost analysis of changes in ODs’ compensation rates and detour factors.

σ = 0.4 σ = 0.5 σ = 0.6 σ = 0.7 σ = 0.8

c = 1 1180.63 1042.82 1036.22 1017.28 1017.28
c = 1.2 1165.53 1053.86 1040.24 1032.05 1035.42
c = 1.4 1173.90 1069.70 1078.40 1046.82 1046.82

When the ODs’ detour factor σ is held constant, the total distribution cost generally
increases as the unit compensation rate c rises—with the exception of the case where
σ = 0.4. When the crowd-shipping unit compensation rate c is fixed, the total cost exhibits
fluctuations as σ changes. Among all the combinations, the value of the combination
(c, σ) = (1, 0.7) and (c, σ) = (1, 0.8) is the smallest. These optimal combinations are
highlighted in bold in Table 11.

5.5. Discussion of Results

The experimental results presented in Sections 5.2–5.4 provide substantial insights into
the performance of our proposed model and algorithm. Several important observations
merit further discussion.

First, the significant cost reduction (averaging 24.94% across all tested instances)
achieved by the joint distribution model with ODs’ participation demonstrates the practical
value of integrating crowd-shipping resources into cold-chain logistics. This result substan-
tiates that the initial finding of 21.24% cost saving in the C101-100 case is not an outlier but
reflects the consistent effectiveness of our approach across diverse customer distribution
patterns (clustered, random, and mixed). The cost efficiency primarily stems from two
factors: (1) the replacement of high-cost professional vehicles with more economical ODs
for certain delivery tasks, and (2) the improved vehicle utilization rates through optimal
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resource allocation. The complete replacement of GDVs by EVs and ODs in the C101-100
case further confirms the environmental and economic benefits of our approach.

Second, the superior performance of the IWOA across all tested instances, especially
in large-scale problems, highlights its effectiveness in handling complex routing constraints.
The algorithm’s ability to maintain solution quality while achieving faster convergence can
be attributed to the adaptive variable neighborhood search mechanism, which effectively
balances exploration and exploitation. The stable performance (low standard deviation)
across multiple runs further demonstrates the robustness of our algorithm. It is also
noted that on some large-scale instances (e.g., C101-200), the performance gap, while still
favorable, shows increased variability. This suggests that the algorithm’s parameters may
benefit from further calibration for extremely large problem sizes, presenting an opportunity
for future research. While formal statistical significance testing was not conducted as part of
this study, the consistent outperformance of the IWOA across diverse instances and scales,
coupled with its lower average costs and standard deviations, provide strong empirical
evidence of its effectiveness.

Third, sensitivity analysis reveals important managerial implications: the detour factor
(σ) and OD compensation cost per unit distance (c) significantly impact the total cost. The
best-found solution combination ((c, σ) = (1, 0.7), (c, σ) = (1, 0.8)) suggests that logistics
platforms should focus on recruiting ODs with moderate flexibility while maintaining
competitive compensation rates to ensure service quality and driver participation.

Furthermore, the successful application of our model to different customer distribution
patterns (random, clustered, and mixed) confirms its versatility and practical applicability
in various urban logistics scenarios.

These findings collectively contribute to both theoretical and practical aspects of
green logistics and crowd-shipping optimization, providing valuable insights for logistics
enterprises seeking to implement sustainable and cost-effective distribution strategies.

6. Conclusions
This study addresses the critical challenge of high delivery costs in fresh produce

cold chain last-mile logistics by proposing and optimizing a novel joint delivery model.
The model embodies the principle of symmetry by creating a balanced, hybrid system
that integrates crowd-shipping utilizing ODs with professional mixed fleets (comprising
GDVs and EVs), while incorporating essential real-world operational constraints: cold
chain requirements, EV partial charging strategies, and time-of-use electricity pricing.

Our key contributions and findings are as follows:
(1) Cost-Effective Joint Delivery Model: We propose and validate a framework where

ODs collaborate with professional mixed fleets. Case studies demonstrate that this joint
model significantly reduces total delivery costs by an average of 24.94% compared to
traditional professional fleet-only delivery, primarily by optimizing vehicle utilization and
leveraging flexible ODs.

(2) Comprehensive EV Operational Modeling: The model precisely incorporates the
operational realities of mixed fleets, specifically EV range limitations managed through
partial charging strategies and the impact of time-of-use electricity pricing on charging
costs and route planning, leading to more realistic and applicable solutions.

(3) Effective Metaheuristic Solution: To solve the complex resulting vehicle routing
problem, we developed the Improved Whale Optimization Algorithm (IWOA). The IWOA
integrates adaptive variable neighborhood search and specialized local search operators.
Experimental comparisons with other heuristic algorithms confirm its superior stability,
efficiency, and effectiveness in optimizing routes for this challenging scenario.
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(4) Practical Parameter Insights: Sensitivity analysis of key crowd-shipping parame-
ters provides valuable guidance for logistics enterprises, identifying best-found solution
compensation and operational settings within reasonable ranges to maximize cost savings
and operational feasibility.

In summary, this research advances the application of crowd-shipping within cold
chain logistics by applying concepts of systemic symmetry to successfully integrate ODs
with mixed GDV/EV fleets under practical constraints. The achieved balance between cost
and service goals, facilitated by the symmetrical collaboration of heterogeneous resources,
offers a viable and cost-effective solution for enterprises.

This study has several limitations. Our model assumes deterministic conditions and
does not incorporate real-world uncertainties such as limited charging station capacity,
stochastic OD availability, traffic congestion, or variable perishability rates. Future re-
search could enhance practicality by integrating these stochastic elements, using robust
or stochastic optimization approaches. Exploring methods like Fuzzy Dynamic Bayesian
Networks for scenario deduction could be a promising alternative [55]. Additionally, a
comprehensive sensitivity analysis of the IWOA’s parameters (e.g., neighborhood counts,
destruction/repair rates) using design of experiments or automated tuning techniques
would be a valuable direction to further validate and refine the algorithm’s performance.
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