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The uncertainty in municipal solid waste (MSW) emissions poses significant challenges to collection 
and transportation operations, causing vehicles to be under-loaded or overloaded; in some cases, 
waste may not be cleared in a timely manner, thereby affecting residents’ quality of life. To study the 
impact of uncertain waste emissions on MSW operations, this paper investigates the MSW vehicle 
routing problem from a fuzzy programming perspective. Firstly, based on fuzzy credibility theory, 
trapezoidal fuzzy numbers are introduced to represent the waste emissions at collection points, and 
a multi-depot MSW routing optimization model is formulated to minimize operational cost while 
incorporating the decision maker’s subjective preference constraints. Then, an improved adaptive 
large neighborhood search algorithm (ALNS-TS) is developed by combining 12 neighborhood criteria 
with a tabu search (TS) mechanism to enhance global search capability. Subsequently, case studies 
compare routing schemes under deterministic and uncertain emissions, evaluate multiple intelligent 
optimization algorithms in terms of solution quality and computational efficiency, and conduct a 
sensitivity analysis with respect to the subjective preference values. Finally, specific and effective 
managerial recommendations are provided to support practical decision-making in MSW collection and 
transportation operations. This study effectively addresses the challenges posed by uncertain waste 
emissions and offers value for MSW managers.
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Municipal solid waste (MSW) refers to various types of waste generated from the daily activities of urban 
residents. Its main sources include households, shopping malls, the catering industry, and public places, and 
it is characterized by large quantities and wide distribution1,2. As urbanization progresses, the amount of 
MSW continues to increase, leading to greater challenges in the MSW collection and transportation process3. 
In 2023, over 2 billion tons of MSW were generated globally, and by 2050, it is expected to reach 3.8 billion 
tons4. Therefore, the efficient MSW collection and transportation process is crucial for residents’ quality of life, 
environmental protection, and sustainable urban development.

However, due to factors such as public events, holidays, emergencies, and weather conditions, waste emissions 
are often characterized by significant uncertainty. This uncertainty brings challenges to the MSW collection 
and transportation process, which can result in collection vehicles being either under-loaded or overloaded; in 
some situations, waste may not be cleared in a timely manner, thereby affecting residents’ quality of life. These 
challenges are particularly evident in China, where the MSW collection and transportation process lags the waste 
treatment process by about 10 years5,6. Furthermore, the China Association of Circular Economy has pointed 
out that the cost of the MSW collection and transportation process accounts for 60% to 70% of the total waste 
management expenditure6. For instance, the total cost for processing one ton of waste is 400 RMB, of which 
300 RMB is attributed to the MSW collection and transportation process in Shanghai6. Therefore, studying 
the MSW vehicle routing optimization from a fuzzy programming perspective is essential for enhancing waste 
management efficiency, reducing operational cost, and improving residents’ quality of life in urban areas.

Although existing research has made many efforts in the MSW vehicle routing optimization problem, it 
typically sets waste emissions as constant values, thereby overlooking the impact of uncertain waste emissions on 
the collection and transportation process7–10. This neglect may lead to improper route plans, thereby reducing the 
management quality of the MSW collection and transportation process. Specifically, the remaining load capacity 
of collection vehicles may not be sufficient to satisfy the waste emissions at the next collection point, leading to 
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the failure of the collection and transportation operation. This not only increases the additional transportation 
distance and operational cost of the MSW collection and transportation process, but more importantly, it is 
highly likely to result in the failure to clean up waste at the collection points in a timely manner, affecting 
the quality of life of residents. Recently, some studies have characterized the uncertain waste emissions using 
methods such as stochastic programming and fuzzy programming11–13. For example, stochastic programming 
methods fit historical data to a probability distribution, converting uncertain waste emissions into deterministic 
values, but this requires a large amount of historical data, which limits its practical applicability14–16. As for 
fuzzy programming methods, they mainly include triangular fuzzy numbers and trapezoidal fuzzy numbers17,18. 
Among them, the membership function curve of triangular fuzzy numbers is triangular, which can only 
represent the most likely value with a single point19–21. This makes it less flexible, with weaker adaptability, and 
unable to accurately reflect the changes in uncertainty in real-world problems. In contrast, trapezoidal fuzzy 
numbers effectively address the limitations of triangular fuzzy numbers22. However, surprisingly, few studies 
have used trapezoidal fuzzy numbers to characterize the uncertain waste emissions. Therefore, the impact of 
uncertain waste emissions on the MSW vehicle routing optimization problem remains underexplored. Further 
research is urgently needed to address the gap.

Moreover, the MSW vehicle routing optimization problem has NP-hard properties, with complex constraints, 
and uncertain waste emissions further increase the problem’s complexity, expanding the solution space and 
raising the difficulty of finding an optimal solution. Therefore, exact algorithms struggle to find high-quality 
solutions within a reasonable time, while traditional heuristic algorithms, due to the lack of dynamic adjustment 
mechanisms, find it difficult to balance exploration and exploitation of the solution space, often leading to 
getting stuck in local optima when solving complex optimization problems23. Notably, ALNS is a powerful 
heuristic algorithm that, by combining various neighborhood criteria with adaptive mechanisms, can flexibly 
and efficiently handle optimization problems with high complexity and large solution spaces24. As a result, it is 
widely applied to solve complex combinatorial optimization problems25. However, ALNS searches based on the 
neighborhood of the current solution. If the neighborhood is limited or lacks a mechanism to escape, it may 
remain near a local optimum and fail to find the global optimum, making it prone to getting stuck in a local 
optimum26,27. Therefore, improving ALNS to effectively solve the problem remains a challenge.

Compared with previous studies, this research offers three main advantages. First, rather than assuming 
deterministic emissions or relying on data-intensive probabilistic fitting, we model uncertain MSW emissions 
using trapezoidal fuzzy numbers and incorporate the decision maker’s subjective preference, enabling an explicit 
trade-off between operational cost and service reliability while capturing “uncertain yet relatively stable” emission 
patterns under limited data. Second, to solve the resulting NP-hard problem, we develop a tailored ALNS-TS 
algorithm with 12 neighborhood criteria and a tabu mechanism, which enhances global exploration, robustness, 
and efficiency under complex constraints and uncertainty. Third, extensive computational experiments compare 
uncertain vs. deterministic routing, benchmark against alternative heuristics, and conduct sensitivity analysis 
on preference levels, thereby validating the proposed model and algorithm and yielding actionable managerial 
recommendations for MSW collection and transportation operations.

The main innovations and contributions of this study are directly aligned with the gaps identified in the 
existing literature.

	(1)	 Introduction of trapezoidal fuzzy numbers to characterize waste emissions. Given the fluctuations in waste 
emissions at collection points due to various real-life factors, the introduction of trapezoidal fuzzy numbers 
provides a more accurate representation of waste emissions, better capturing the uncertainty and variability 
in the real-world problem.

	(2)	 ALNS-TS — an efficient solving algorithm for the problem. This paper proposes an improved ALNS that 
includes 12 neighborhood criteria and incorporates a tabu search mechanism for further optimization. The 
method effectively prevents the emissions of duplicate solutions through TS, enhancing the diversity of the 
solution space and improving the global search capability.

	(3)	 Providing theoretical support and solutions for MSW management fields. By accurately reflecting waste 
emissions, rather than simply treating them as constants, this study provides a robust and practical deci-
sion-support for MSW managers. In particular, it offers specific and effective managerial recommendations 
to support decision-making in MSW collection and transportation operations, while also contributing to 
the literature on MSW collection and transportation processes.

Literature review
Waste vehicle routing optimization problem
The waste vehicle routing optimization problem has attracted widespread attention from scholars over the past 
few decades. Hou et al. 7 studied the e-waste recycling vehicle routing problem, considering factors such as 
vehicle maximum load and recycling station closing time, and developed an optimization model to minimize 
transportation cost for recycling order routes. Li et al. 8 addressed the vehicle routing problem for urban 
solid waste collection and transportation under carbon emission conditions, developing a multi-objective 
mathematical model to minimize operational cost and differences in employee workload. Wang et al. 9, to improve 
construction waste transportation efficiency and reduce carbon emissions, proposed a dynamic time-dependent 
green vehicle routing problem for decoration waste collection, aiming to minimize fuel cost. Hu et al. 10 explored 
the vehicle routing optimization problem for household medical waste logistics, considering the leakage risks of 
medical waste, and developed a model to minimize transportation cost and environmental pollution. However, 
despite the significant contributions of these studies to the waste vehicle routing optimization problem, they 
overlook the fact that, under real-world conditions, waste emissions are influenced by multiple factors, such as 
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public events, holidays, emergencies, and weather conditions, leading to uncertain emissions. Simply setting 
waste emissions as constant values limits the applicability of these models to complex real-world problems.

Fortunately, Vu et al. 11 adopted an artificial neural network prediction model to forecast the waste emissions 
at collection points, aiming to find the shortest waste collection route. Qin et al. 12 assumed that the uncertain 
demand follows a normal distribution and established a vehicle routing optimization model aimed at minimizing 
operational cost. Zhang et al. 13 fitted the distribution characteristics of historical data samples to a Gaussian 
distribution function and established a distributed robust vehicle routing model applicable under uncertain 
conditions. Oteng et al. 14 used a Weibull distribution model to predict photovoltaic waste in South Australia 
over the next 30 years, and developed a related waste collection vehicle routing optimization model aimed at 
minimizing pollutant generation. Similarly, Higuchi and Isobe15, Wang et al. 16, also used probability distribution 
functions to predict uncertainty. However, the use of stochastic programming methods to fit probability 
distributions or the application of neural networks typically requires a large amount of historical data, which 
clearly limits the widespread application of these methods in practice. On the other hand, Yang et al. 17 addressed 
the vehicle routing problem for waste collection with uncertain demand by proposing triangular fuzzy numbers 
to represent the recycling demand and establishing a vehicle routing optimization model aimed at minimizing 
operational cost. Avila-Torres and Arratia-Martinez18 addressed the priority recycling route problem under 
uncertain conditions by using triangular fuzzy numbers to describe uncertain demand and developed a fuzzy 
mixed-integer linear programming model. Likewise, Bahri et al. 19, Sharma et al. 20, and Mahmoodirad et al. 21 
also used triangular fuzzy numbers to represent uncertain demand. However, triangular fuzzy numbers, due 
to their triangular membership function and the use of a single point to represent the most likely value, lack 
flexibility in representing uncertainty, have poor adaptability, and fail to accurately reflect the dynamic changes 
in fuzziness in real-world problems22. Here, to facilitate a clear comparison, Table 1 summarizes how emissions/
demands are represented in the related literature. Therefore, how to effectively study the impact of uncertain 
waste emissions on the MSW vehicle routing optimization problem remains an urgent research gap that needs 
to be addressed.

Solution method
With the continuous development of heuristic methods, research on heuristic algorithms in vehicle routing 
problems has been increasing. For example, common algorithms include genetic algorithm (GA), ant colony 
optimization (ACO), particle swarm optimization (PSO), and simulated annealing (SA). Specifically, Ouertani 
et al. 28 solved the multi-compartment vehicle routing problem for health-care waste transportation using an 
improved GA. Roy et al. 29 used an improved ACO to address the vehicle routing problem for collecting Internet-
of-Things-based smart waste bins. Likewise, Peña et al. 30 employed an ACO to solve a sustainable two-stage 
waste collection routing problem. Salawudeen et al. 31 adopted an improved PSO to optimize waste collection 
routes for the Ogun State Waste Management Agency. Furthermore, Yu et al. 32 utilized an improved SA to solve 
the multi-depot waste collection vehicle routing problem with time windows and self-delivery options. These 
algorithms have been widely applied in the waste management field and have demonstrated strong performance. 
However, the MSW vehicle routing optimization problem, due to complex constraints and uncertain waste 
emissions, increases the problem’s complexity, expands the solution space, and raises the difficulty of finding 
an optimal solution. Therefore, traditional heuristic algorithms have difficulty balancing exploration and 
exploitation of the solution space, often leading to getting stuck in local optima or even failing to find a solution. 
Notably, ALNS performs local optimization of solutions in multiple neighborhoods through iterative processes, 
using an adaptive mechanism to select and adjust the neighborhood structure24. By dynamically adjusting the 
search strategy based on historical search experience, ALNS improves the quality of the solutions24. For example, 
Chen et al. 33 successfully used ALNS to solve the multi-compartment vehicle routing problem in cold chain 
distribution. Wang et al. 25 applied ALNS to address the dynamic vehicle routing problem with time windows in 
multiple depots. Likewise, Liu et al. 34, Voigt et al. 35, as well as Bustos-Coral and Costa36, also applied ALNS to 
solve various vehicle routing problems.

However, recently, Akpunar and Akpinar26 pointed out that when solving complex combinatorial 
optimization problems, if the neighborhood is limited or lacks a mechanism to escape, ALNS may remain near 
a local optimum and fail to find the global optimum, making it prone to getting stuck in a local optimum. 

Category References Emissions/demand representation
Typical data 
requirement Main limitation

Deterministic Hou et al. 7; Li et al. 8; Wang et al. 9; Hu et al. 10 Emissions/demand treated as known 
constant values Low

Ignores variability caused by events/
holidays/weather, limiting real-world 
applicability

Stochastic 
programming

Vu et al. 11; Qin et al. 12; Zhang et al. 13; Oteng et 
al. 14; Higuchi et al. 15; Wang et al. 16 Fit probability distributions

High 
(distribution 
fitting)

Requires sufficient high-quality historical 
data; transferability may be limited

Fuzzy 
programming 
(triangular)

Yang et al. 17; Avila-Torres et al. 18; Bahri et al. 19; 
Sharma et al. 20; Mahmoodirad et al.21

Use triangular fuzzy numbers to model 
uncertainty Medium

Single “most likely” point and rigid 
triangular membership; limited flexibility to 
capture dynamic fuzziness

This study – Trapezoidal fuzzy 
numbers + credibility-based constraints Medium Better flexibility via an interval of most 

probable values

Table 1.  Comparison of emission/demand representation methods in the related literature.
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Similarly, Voigt27 also proposed the same viewpoint. Therefore, how to improve ALNS to effectively solve the 
MSW vehicle routing optimization problem and avoid getting stuck in local optima remains a challenge.

Model formulation
Problem description
This study investigates the MSW vehicle routing optimization problem from a fuzzy programming perspective, 
with the collection and transportation network shown in Fig.  1. In the urban area, there are multiple waste 
transfer stations, each responsible for waste collection at collection points within its designated area. During 
this process, the remaining load capacity of the collection vehicles gradually decreases, and the vehicles also 
face the challenge of uncertain waste emissions at subsequent collection points. If the collection vehicle arrives 
at the next waste collection point and finds that the remaining load capacity is insufficient to handle the actual 
waste emissions, it indicates a failure in the collection process. The vehicle will then return directly to the waste 
transfer station, while the collection point will await another vehicle to complete the collection, continuing until 
all collection points within the designated area have been serviced. In addition, to minimize the impact of waste 
collection and transportation operations on residents’ daily lives, the working hours of the collection vehicles 
are strictly limited to 4 a.m. to 6 a.m. each day. The optimization objective is to minimize the operational cost of 
waste collection vehicles in the urban area. To facilitate modeling and solution, the following assumptions are 
made.

	(1)	 The number of collection vehicles at the waste transfer station is unlimited.
	(2)	 The collection time at waste collection points is linearly related to the waste emissions.
	(3)	 The speed of the collection vehicles is stable.

Notations
The parameters and variables used in this paper are explained in Table 2.

Fig. 1.  MSW collection and transportation network.
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Uncertain waste emissions
Fuzzy chance-constrained programming approach is an uncertain mathematical programming based on 
possibility theory and fuzzy set theory37. The theory states that the decision made ensures the possibility of 
satisfying the fuzzy constraint is no less than the given uncertain waste emissions preference value. This fuzzy 
chance constraint can be transformed into a deterministic form, making the fuzziness clear.

As for the MSW vehicle routing optimization problem, before the collection vehicle reaches the collection 
point, the amount of waste generated cannot be determined. Therefore, this paper introduces fuzzy credibility 
theory and decision makers’ subjective preference values, uses trapezoidal fuzzy numbers to characterize the 
uncertain waste emissions, preprocesses the problem, and constructs a mathematical model. Specifically, let 
U be a universe of discourse consisting of objects, and Ã be a fuzzy set defined on the universe U, namely, (1).

	 µ
Ã

(x) : U → (0, 1), x ∈ U � (1)

where µ
Ã

 is the membership function, which reflects the degree to which an element x in the universe U belongs 
to the fuzzy set. Then, let ẽ be a fuzzy number on the real number domain R, and define a membership function 
for µ

ẽ
(x) : R → (0,1), x ∈ R. Thus, µ

ẽ
(x) is defined as (2).

	

µ
ẽ
(x) =





x − a

b − a
, a ≤ x < b

1, b ≤ x ≤ c

d − x

d − c
, c < x ≤ d

0, others

� (2)

where ẽ is a trapezoidal fuzzy number, ẽ = (a, b, c, d), −∞ < a ≤ b ≤ c ≤ d < ∞, and b ≤ x ≤ c is the 
relative most probable interval. When a = b = c = d, ẽ loses its uncertainty and becomes a definite value.

However, when b = c, ẽ is a triangular fuzzy number. Specifically, when ẽ is a triangular fuzzy number,µ
ẽ
(x) 

is defined as (3). Furthermore, the triangular fuzzy number and the trapezoidal fuzzy number are illustrated in 
Fig. 2.

Notations Description

Sets

 W The set of waste transfer stations, w ∈ W

 N The set of collection points, i ∈ N

 K The set of collection vehicles, k ∈ K

Parameters

 Ew

k
The rated load capacity of the collection vehicle k dispatched by waste transfer station w, in kg, w ∈ W, k ∈ K

 uw
k The transportation cost per kilometer for collection vehicle k dispatched from transfer station w, in RMB/km, w ∈ W, k ∈ K

 hw
k The startup cost of the collection vehicle k dispatched by waste transfer station w, in RMB, w ∈ W, k ∈ K

 ̃ew
i

The waste emission at collection point i within the jurisdiction of transfer station w, in kg, w ∈ W, i ∈ N

 dw
i,j Distance from collection point i to j within the jurisdiction of transfer station w, in km, w ∈ W, i, j ∈ N

 dw
0,i The distance from transfer station w to collection point i, in km, w ∈ W, i ∈ N

 dw
i,0 The distance from collection point i to transfer station w, in km, w ∈ W, i ∈ N

 tw
i The waste collection time at collection point i, in min, w ∈ W, i ∈ N

 qw,k The cleaning capacity of collection vehicle k dispatched by transfer station w, in kg/min, w ∈ W, k ∈ K

 vw
k The driving speed of collection vehicle k dispatched by transfer station w, in kg/min, w ∈ W, k ∈ K

 sw
k,i The remaining load capacity of collection vehicle k when it arrives at collection point i, in kg, w ∈ W, i ∈ N, k ∈ K

 Tmax The maximum collection time at the collection point, i.e., 120 min

 tw
i,j The vehicle driving time from collection point i to collection point j within the jurisdiction of transfer station w, w ∈ W, i, j ∈ N

Decision variables

 xw,k
i,j

1 if collection vehicle k dispatched by transfer station w travels from collection point i to collection point j and 0 otherwise

 yw,k
i

1 if collection vehicle k dispatched by transfer station w completes the collection operations at collection point i and 0 otherwise

 zw
k 1 if collection vehicle k dispatched by transfer station w for waste collection operations and 0 otherwise

Table 2.  Summary of notations.
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µ
ẽ
(x) =




x − a

b − a
, a ≤ x < b

d − x

d − b
, b ≤ x ≤ d

0, others

� (3)

Obviously, according to Eqs. (2)–(3) and Fig. 2, compared with the triangular fuzzy number, the trapezoidal 
fuzzy number provides a more refined representation of “uncertain yet relatively stable” information. A 
triangular fuzzy number has a single peak, implicitly assuming a unique most plausible value; this assumption 
can be overly restrictive when the demand is equally likely within a certain range. By contrast, a trapezoidal fuzzy 
number introduces a plateau (i.e., the relative most probable interval ([b, c])), as shown in Fig. 2(b), allowing 
multiple values to share the same maximum membership degree, which better matches the reality that MSW 
generation fluctuates within an interval due to public events, holidays, emergencies, and weather conditions. 
Hence, trapezoidal fuzzy numbers often yield more robust and interpretable uncertainty descriptions.

As for the MSW vehicle routing optimization problem from a fuzzy programming perspective, the collection 
vehicle k departs from transfer station w, having completed the collection operations for the first l collection 
points. The remaining loading capacity of vehicle k is sw

k,l. Let the waste emissions amount at the collection point 
l + 1 be a trapezoidal fuzzy number, denoted as ẽw

l+1. Then, there exists ẽw
l+1 = (ew

l+1,1, ew
l+1,2, ew

l+1,3, ew
l+1,4). 

Here, ew
l+1,1 is the fuzzy lower bound of the waste emissions at the collection point l + 1, ew

l+1,2 is the fuzzy upper 
bound on the left, ew

l+1,3 is the fuzzy upper bound on the right, and ew
l+1,4 is the fuzzy lower bound on the right.

According to fuzzy credibility theory, the waste emissions amount ẽw
l+1 at the next collection point l + 1 is 

less than or equal to the remaining loading capacity sw
k,l of the vehicle, subject to the fuzzy chance constraint as 

shown in (4).

	 Cr
{

ẽw
l+1 ≤ sw

k,l

}
≥ α ∀w ∈ W, l ∈ N, k ∈ K � (4)

Equation (4), Cr represents the credibility of the fuzzy event. The larger the value of Cr, the higher the credibility 
for collection vehicle k to travel from collection point l to collection point l + 1. When Cr = 1, it means that 
collection vehicle k is performing the collection operations from collection point l to collection point l + 1. 
Additionally, α (α ∈ [0, 1]) represents the decision maker’s confidence in the decision-making process, 
reflecting the decision maker’s preference for the uncertainty in the collection operations. When Cr > α, it 
indicates that collection vehicle k proceeds to collection point l + 1; otherwise, it means that collection vehicle k 
returns to the transfer station w, and the collection operation at point l + 1 is completed by another vehicle. This 
process is repeated until all the collection operations are finished.

In fuzzy chance-constrained programming, for a given value v and a trapezoidal fuzzy number 
f̃ = (f1, f2, f3, f4), where f1 < f2 < f3 < f4, Cr{} is defined as shown in (5) according to Zarandi et al. 38.

	

Cr {f ≤ v} =




1, f4 ≤ v

f4 − 2f3 + v

2 (f4 − f3) , f3 ≤ v ≤ f4

0.5, f2 ≤ v ≤ f3

v − f1

2 (f2 − f1) , f1 ≤ v ≤ f2

0, otherwise

� (5)

By replacing v with sw
k,l, and f̃ = (f1, f2, f3, f4) with ẽw

l+1 = (ew
l+1,1, ew

l+1,2, ew
l+1,3, ew

l+1,4), we obtain (6), 
which is equivalent to the fuzzy chance constraint in (4) and (5).

Fig. 2.  Fuzzy number functions.
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Cr
{

ẽw
l+1 ≤ sw

k,l

}
=




1, ew
l+1,4 ≤ sw

k,l

ew
l+1,4 − 2ew

l+1,3 + sw
k,l

2
(
ew

l+1,4 − ew
l+1,3

) , ew
l+1,3 ≤ sw

k,l ≤ ew
l+1,4

0.5, ew
l+1,2 ≤ sw

k,l ≤ ew
l+1,3

sw
k,l − ew

l+1,1

2
(
ew

l+1,2 − ew
l+1,1

) , ew
l+1,1 ≤ sw

k,l ≤ ew
l+1,2

0, otherwise

≥ α� (6)

Based on (6), the waste emissions amount ẽw
l+1 at collection point l + 1 can be clarified. When α ∈ [0, 0.5], 

Cr
{

ẽw
l+1 ≤ sw

k,l

}
≥ α, i.e., sw

k,l − ew
l+1,1 ≥ 2α(ew

l+1,2 − ew
l+1,1), then ẽw

l+1 can be transformed into (7).

	 ẽw
l+1 = 2αew

l+1,2 + (1 − 2α)ew
l+1,1� (7)

Similarly, when α ∈ [0.5, 1], Cr
{

ẽw
l+1 ≤ sw

k,l

}
≥ α, i.e., ew

l+1,4 + sw
k,l − 2ew

l+1,3 ≥ 2α(ew
l+1,4 − ew

l+1,3), then 
ẽw

l+1 can be transformed into (8).

	 ẽw
l+1 = (2 − 2α)ew

l+1,3 + (2α − 1)ew
l+1,4� (8)

Objective functions
To improve the management quality of the waste collection and transportation process, this paper takes the 
minimum operational cost of collection vehicles as the objective function. Based on fuzzy credibility theory, it 
establishes the MSW vehicle routing optimization mathematical model from a fuzzy programming perspective, 
as shown in (9) to (11).

	 minf = f1 + f2� (9)

	

f1 =
∑

w∈W

∑
k∈K

∑
i∈N

∑
j∈N

dw
i,j · xw,k

i,j · zw
k · uw

k +
∑

w∈W

∑
k∈K

∑
i∈N

dw
0,i · xw,k

0,i · zw
k · uw

k

+
∑

w∈W

∑
k∈K

∑
i∈N

dw
i,0 · (1 − yw,k

i ) · zw
k · uw

k

� (10)

	
f2 =

∑
w∈W

∑
k∈K

zw
k · hw

k � (11)

Equation (9) consists of two parts. The first part is (10), which represents the transportation cost of collection 
vehicles. The second part is (11), which represents the startup cost of the collection vehicles. Furthermore, (10) 
consists of three parts. The first part represents the transportation cost between collection points, the second part 
represents the transportation cost from the transfer station to the collection points, and the third part represents 
the transportation cost incurred when the vehicle fails to collect due to insufficient remaining loading capacity 
and must return to the transfer station.

Related constraints

	

∑
w∈W

∑
k∈K

yw,k
i = 1 , ∀i ∈ N � (12)

	

∑
w∈W

∑
k∈K

∑
i∈N

xw,k
i,j ≥ 1 , ∀j ∈ N � (13)

	
T̃ w,k =

∑
j∈N

∑
i∈N

tw,k
i,j +

∑
i∈N

t̃w,k
i = ẽw

i /qw,k +

[∑
i∈N

∑
j∈N

dw
i,j · xw,k

i,j +
∑
i∈N

dw
0,i · xw,k

0,i

]
/vw

k � (14)

	 T̃ w,k ≤ Tmax ∀w ∈ W, k ∈ K � (15)

	

∑
j∈N∪{0}

xw,k
j,i −

∑
j∈N∪{0}

xw,k
i,j =

{ 1 if i = 0
0 if i ∈ N

−1 if i = 0
∀w ∈ W, k ∈ K � (16)

	
sw

k,i = Ew
k

−
∑
j∈N

ẽw
j · yw,k

j ,∀w ∈ W, k ∈ K, i ∈ N � (17)

	

∑
i∈N

ẽw
i+1 · yw,k

i ≤ Ew
k

· zk
w ,∀w ∈ W, k ∈ K � (18)
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	 Cr
{

ẽw
i+1 − sw

k,i ≤ 0
}

≥ α ,∀w ∈ W, k ∈ K, i ∈ N � (19)

	
yw,k

i =

{
1 if sw

k,i ≥ ẽw
i+1, xw,k

i,j = 1

0 if sw
k,i < ẽw

i+1, xw,k
i,j = 0

, ∀w ∈ W, k ∈ K, i, j ∈ N � (20)

	 xw,k
i,j ∈ (0, 1) ,∀w ∈ W, k ∈ K, i, j ∈ N � (21)

	 zw
k ∈ (0, 1) ,∀w ∈ W, k ∈ K � (22)

Equation (12) is the constraint on the number of collections at each collection point, meaning that each collection 
point can only be served once. Equation (13) allows multiple collection vehicles to go to the same collection 
point. Equation (14) to (15) are the collection time constraints, which prevent the collection operations from 
affecting the daily lives of residents. Equation (16) represents the node flow balance constraint. Equation (17) 
is the constraint on the remaining loading capacity of the collection vehicle. Equation (18) is the constraint on 
not exceeding the vehicle’s rated load capacity. Equation (19) ensures that the credibility of the waste emissions 
amount at the collection point being less than the vehicle’s remaining loading capacity is greater than the decision 
maker’s subjective preference value. Equation (20) is the decision variable for whether the vehicle completes the 
collection operation at the collection point.

Solution methodology
The MSW vehicle routing optimization problem from a fuzzy programming perspective is an NP-Hard problem, 
and the difficulty of solving it increases exponentially with the problem size. ALNS can adaptively select a 
neighborhood combination from a set of neighborhood criteria by dynamically adjusting the weight coefficient, 
generating the neighborhood structure of solutions24,25. However, ALNS may get stuck in a local optimum when 
facing optimization problems with high complexity and large solution spaces26,27.

Notably, Gmira et al., and Cai et al. have pointed out that TS is an extension of local neighborhood search 
and is widely used in the field of optimization problems39,40. The principle of TS is to use a short-term memory 
of the tabu list to prevent revisiting previously visited positions39. Although the introduction of the tabu list may 
temporarily degrade the solution quality, it increases the diversity of the solution space, which helps escape from 
local optima to some extent, thus providing certain advantages in practical applications. Therefore, this paper 
proposes a hybrid heuristic algorithm named ALNS-TS. By improving search efficiency and increasing search 
diversity, ALNS-TS helps ALNS escape local optima and more effectively explore the global optimum. Figure 3 
shows the algorithm flowchart of ALNS-TS.

Chromosome encoding
The solution to the problem adopts a direct arrangement encoding method. In this approach, the solution 
consists of routes, with each route being represented by an array storing the collection route of vehicle k. The first 
position represents the transfer station number; the second position represents the vehicle number; the third 
position represents the collection point number; and so on, and the last position represents the transfer station.

Initial feasible solution
Considering that the number of collection vehicles dispatched by the transfer station is a variable, under the 
constraints of vehicle collection time and rated load capacity, paths can be merged to reduce the collection 
mileage according to the triangular inequality theorem, as shown in (23). Therefore, in this study, the Clarke-
Wright Savings algorithm is used to construct the initial feasible solution7.

	 D(i, j) = d(w, i) + d(w, j) − d(i, j)� (23)

Fig. 3.  The algorithm flow of ALNS-TS.
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In (23), d(w, j) is the distance from the transfer station to collection point j, and d(i, j) is the distance from 
collection point i to collection point j.

Neighborhood criteria
The neighborhood criteria refer to the pairing combination of the destruction operator and the repair operator, 
used to optimize the initial feasible solution24–27. In other words, based on the initial feasible solution, a certain 
destruction operator is selected to remove some collection points from the route, and then a certain repair 
operator is used to insert collection points, resulting in a new solution. This study employs four destruction 
operators, three repair operators, and a total of 12 neighborhood criteria to explore new solutions.

Worst destruction operator
The worst destruction operator calculates the difference in the objective function before and after the destruction 
of each collection point24,25. In other words, the greater the difference, the more significant the impact of inserting 
that collection point on the objective function, and thus it should be prioritized for destruction, as shown in (24).

	 Destroyworst = {i |∆f(i) = max(∆f(i))}� (24)

Random destruction operator
The random destruction operator removes several collection points or route segments from the current solution 
by randomly selecting them, generating a new solution26,27. The goal is to explore a broader solution space by 
introducing randomness.

Local worst destruction operator
The local worst destruction operator removes the worst collection points within the neighborhood of the current 
solution, adjusting the local range of the solution to explore the solution space more thoroughly26.

Shaw destruction operator
The shaw destruction operator randomly destroys several collection points in the current solution and calculates 
the correlation between these collection points and other nodes24,25.

Optimal repair operator
The optimal repair operator inserts the destroyed collection points into the positions that bring the maximum 
improvement25. By evaluating all possible insertion positions, it selects the position that minimizes operational 
cost, as shown in (25).

	 Repairbest = {i |∆f(i) = min(∆f(i))}� (25)

Random repair operator
The random repair operator randomly inserts the destroyed collection points into different positions within the 
current solution, increasing the diversity of the solution24.

Local optimal repair operator
The local optimal repair operator selects the best insertion position within the local neighborhood of the solution 
to minimize the change in the objective function24,26. It is suitable for local search and helps refine the quality 
of the solution.

It is important to note that the execution process of the destruction-repair operators must satisfy the 
constraints of collection time and vehicle rated load capacity, to ensure that the newly generated solutions meet 
the model’s requirements.

Neighborhood combination selection strategy and weight coefficient update
The neighborhood combination selection strategy determines how to select destruction and repair operators 
during the search process, directly affecting the solution quality and search efficiency25. A roulette wheel 
mechanism is used to select the type of destruction and repair operators. Let ρ−= {ρ−|1, 2, … ,b} represent the set of 
destruction operators and ρ+= {ρ+|1, 2, … ,a} represent the set of repair operators, with ρ−(b) and ρ+(a) indicating 
the weight coefficients of the destruction and repair operators, respectively. The probability calculation is shown 
in (26). After each iteration, the weight coefficients are dynamically adjusted based on the operator performance, 
as shown in (27).

	




p(b) = ρ−(b)/
b∑

j=1

ρ−(b)

p(a) = ρ+(a)/
a∑

j=1

ρ+(a)

� (26)

	
ω′

i = (1 − δ)ωi + δ
si

θi
� (27)
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where wi is the weight of operator i, δ is the weight forgetting coefficient, si is the accumulated score of operator 
i in the current cycle, and θi is the accumulated usage count of operator i in the current cycle.

TS mechanism
The tabu object is the ordered sequence L of collection operations, and the length of the tabu list is H. After each 
iteration, a new solution L that satisfies the acceptance criteria is stored in the tabu list. After a certain period of 
H, this solution will be removed from L. When a new solution Lnew is obtained, it is checked whether Lnew already 
exists in L. If Lnew has been accepted and is in L, the algorithm proceeds to the next iteration. Otherwise, if Lnew 
is not accepted and is not in L, the subsequent operations will be performed.

Simulated annealing criteria
During the algorithm’s iterative optimization process, if the new solution is better than the current solution, the 
new solution replaces the current one. If the new solution results in greater operational cost than the current 
solution, the simulated annealing criterion is used to decide whether to accept the new solution, as shown in 
(28). Considering the high complexity of the problem, this study employs a logarithmic annealing mechanism 
to ensure that the algorithm can sufficiently explore the solution space and avoid prematurely converging to a 
local optimum, as shown in (29).

	 p = e
( 100

T
( fn−fc

fc
))� (28)

	
Tn = T0

1 + η · ln(1 + n) � (29)

Here, T is the temperature parameter, T0 is the initial temperature, and η is the temperature decay coefficient.

Computational study
Considering that there are currently no standard test cases for uncertain waste emissions, this paper employs 
the Solomon test library sample C205 to validate the effectiveness of the proposed model and algorithm. Since 
the uncertain emission of the sample point with ID 0 in the C205 sample library is 0, it is not included in the 
test case validation. Next, the K-means clustering algorithm is used to divide all data into four groups based on 
the Euclidean distance between sample points. In each group, a sample point is randomly selected as the waste 
transfer station, and the remaining sample points serve as waste collection points. Finally, the arrangement of 
collection points within the jurisdiction of different transfer stations is shown in Fig. 4.

The waste emissions ẽw
i  at each collection point are multiplied by 30. The waste collection point service time 

from is 4 a.m. to 6 a.m. Regarding the parameter settings, an orthogonal experiment L9(39) was designed to 
obtain the optimal parameter combination. Specifically, the forgetting coefficient (δ) is set to 0.15, the length of 
the tabu list (H) is set to 10, the temperature decay coefficient (η) is set to 0.95, the initial temperature (T0) is set 
to 800, the decision maker’s subjective preference value (α) is set to 0.75, the number of iterations is set to 1,000, 
and the destruction rate is set to 0.4. The remaining parameter settings are shown in Table 3. The algorithm code 
is based on Python 3.8, running on a Windows 10 system with an Intel® Core™ i5-5200 CPU.

Comparison of routes for deterministic and uncertain waste emissions
To validate the effectiveness of the algorithm and model, the vehicle routing problems for deterministic and 
uncertain waste emissions are solved separately. First, calculations are performed under deterministic waste 
emissions. The case study was run 30 times, with the minimum operating cost and corresponding route plans 
presented in Table  4, and the collection process depicted in Fig.  5. Next, calculations are performed under 
uncertain waste emissions. The uncertain waste emissions at the collection points i are represented by the 
trapezoidal fuzzy number ẽw

i = (30 · ew
i − 150, 30 · ew

i − 70, 30 · ew
i + 70, 30 · ew

i + 150) (where ew
i  is 

the demand from the original C205 sample library). Similarly, the case study is run 30 times, with the minimum 
operating cost and corresponding route plans presented in Table 5, and the collection process depicted in Fig. 6. 
The algorithm iterations under both emission scenarios are shown in Fig. 7.

Based on Tables 4 and 5; Figs. 5, 6 and 7, the operating cost under deterministic emissions is 252.7 RMB 
lower than that under uncertain emissions. Specifically, the minimum operating cost under deterministic 
emissions is 4,114.5 RMB with the corresponding collection and transportation mileage of 925.3  km, while 
under uncertain emissions, the minimum operating cost is 4,367.2 RMB with the corresponding mileage of 
977.5 km. This is because under uncertain emission conditions, the waste emissions at collection points are 
represented as trapezoidal fuzzy numbers with inherent fluctuations. Consequently, when the collection vehicle 
arrives at the next collection point, it may find that the waste emissions exceed the vehicle’s remaining effective 
load, prompting a return to the transfer station. This leads to additional mileage and subsequently increases 
operating cost.

Furthermore, based on Tables 4 and 5; Figs. 5, 6 and 7, the route plans under uncertain emissions require 
2 more vehicles than the deterministic emissions plans, with an additional 52.2 km in mileage. The reasons 
are as follows: to ensure that all collection points are serviced within the prescribed time, additional vehicles 
are required. However, the extra vehicles inevitably lead to underutilized loading capacity, resulting in wasted 
transportation resources and increased operating cost. Consequently, the collection and transportation plans 
under uncertain emissions not only require extra vehicles but also increase both mileage and operating cost.
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Sensitivity analysis of decision maker’s confidence
In the model reliability constraints, the decision maker can set the subjective preference value α (i.e., Constraint 
(18)). Therefore, we perform a sensitivity analysis on α to investigate its impact on operating cost. With all other 
parameters remaining unchanged, the decision maker’s subjective preference value α is incrementally increased 
from 0.15 to 0.95 in steps of 0.1. The operating cost corresponding to different α values is shown in Fig. 8.

According to Fig.  8, as the decision maker’s subjective preference value α increases, the operating cost 
gradually rises. Specifically, as α increases from 0.15 to 0.95, the operating cost climbs from 4,139.2 RMB to 
nearly 4,532.1 RMB. This is because, in the decision-making process, the subjective preference value α reflects 
the degree of acceptance for uncertainty and risk. A higher α indicates that the decision maker is more confident 
in achieving the collection and transportation tasks within the prescribed service time, which in turn requires 
dispatching more collection vehicles from the transfer station, thereby increasing the operating cost. Hence, 
there is a positive correlation between α and operating cost: the greater the confidence (i.e., the higher the α 
value), the less risk is considered during decision making, which ultimately leads to higher operating cost.

Based on Fig. 8, the optimal subjective preference value α is 0.75. Although the operating cost increases with 
the subjective preference value, the cost increment is relatively small at α = 0.75, and, compared to higher values 
such as 0.85, the operating cost remains lower. This setting allows decision makers to maintain high confidence 

Transfer station Location
Vehicle rated load capacity 
(kg)

Driving speed (km 
h− 1)

Clearing capability (kg 
min− 1)

Transportation cost (RMB 
km− 1)

Startup 
cost 
(RMB)

w1 (14, 66) 4000 35 100 4.2 50

w2 (58, 75) 3200 43 80 3.5 30

w3 (36, 18) 3500 40 65 3.9 30

w4 (62, 40) 3200 45 80 3.0 50

Table 3.  Summary of parameters.

 

Fig. 4.  The distribution of collection points within the jurisdiction of different transfer stations.
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Transfer station Vehicles Route plans Vehicles Route plans

w1

k1
1 w1-31-35-32-34-37-38-w1 k4

1 w1-29-6-33-39-36-28-26-w1

k2
1 w1-17-14-12-16-19-18-w1 k5

1 w1-11-10-8-21-20-22-24-27-30-w1

k3
1 w1-25-9-13-15-w1

w2

k1
2 w2-3-88-4-7-w2 k4

2 w2-1-99-100-97-92-94-w2

k2
2 w2-75-93-5-2-w2 k5

2 w2-89-91-90-86-83-82-84-w2

k3
2 w2-95-w2

w3

k1
3 w3-59-53-56-58-60-w3 k4

3 w3-45-51-50-52-47-43-42-46-w3

k2
3 w3-57-w3 k5

3 w3-41-48-68-65-49-55-54-w3

k3
3 w3-44-w3

w4

k1
4 w4-74-62-69-64-w4 k3

4 w4-87-76-71-70-73-80-w4

k2
4 w4-77-85-79-81-78-w4 k4

4 w4-63-67-66-61-72-w4

Operational cost 4,367.2 RMB

Table 5.  Minimum route plans for uncertain waste emissions.

 

Fig. 5.  The collection and transportation process for deterministic waste emissions.

 

Transfer station Vehicles Route plans Vehicles Route plans

w1

k1
1 w1-29-6-32-31-35-33-w1 k4

1 w1-36-34-37-38-39-28-26-w1

k2
1 w1-13-12-14-16-19-18-w1 k5

1 w1-8-21-22-20-24-27-30-w1

k3
1 w1-15-17-9-11-10-25-w1

w2

k1
2 w2-99-100-97-92-94-w2 k3

2 w2-1-89-91-90-86-84-83-82-w2

k2
2 w2-2-5-93-75-w2 k4

2 w2-7-4-88-3-95-w2

w3

k1
3 w3-60-58-56-53-59-w3 k3

3 w3-49-65-68-46-w3

k2
3 w3-57-54-55-w3 k4

3 w3-44-45-50-51-52-47-43-48-42-41-w3

w4

k1
4 w4-78-81-85-87-w4 k3

4 w4-63-66-69-67-w4

k2
4 w4-74-62-64-61-72-w4 k4

4 w4-80-79-73-70-71-76-77-w4

Operational cost 4,114.5 RMB

Table 4.  Minimum route plans for deterministic waste emissions.
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while remaining sensitive to uncertainties. Therefore, in actual collection and transportation operations, the 
optimal subjective preference value α can be set to 0.75.

Comparative extended cases on deterministic and uncertain waste emissions
In this section, similar cases are carried out on the Solomon test library samples R101, RC208, and C205, to 
further verify that uncertainty poses challenges to the MSW collection and transportation process. Here, for 
R101 and RC208, some collection points have excessively small demand values. If trapezoidal fuzzy numbers are 
applied, it may result in negative demand at certain collection points, which is obviously illogical. For example, 
the emission of point 17 in R101 is 2, and the emission of point 62 in RC208 is 3. If the trapezoidal fuzzy numbers 
described in Sect. 5.1 are adopted, the minimum trapezoidal fuzzy emission of point 17 in R101 would be − 90, 
and that of point 62 in RC208 would be − 60. Therefore, the emissions of these points in R101 and RC208 can be 
equivalently replaced with those of the corresponding points in C205. For example, the emission of point 17 in 
R101 is changed from 2 to 20.

Furthermore, for the three datasets R101, RC208, and C205, eight groups of comparative cases were designed 
under deterministic and uncertain emission quantities, denoted as Group 1, Group 2, …, Group 8. Specifically, 
the trapezoidal fuzzy emissions in these 8 groups are denoted as (15·ew

i  – 50, 15·ew
i  – 20, 15·ew

i  + 20, 15·ew
i  + 50), 

(20·ew
i  – 100, 20·ew

i  – 50, 20·ew
i  + 50, 20·ew

i  + 100), (20·ew
i  – 150, 20·ew

i  – 70, 20·ew
i  + 70, 20·ew

i  + 150), (25·ew
i  

– 100, 25·ew
i  – 50, 25·ew

i  + 50, 25·ew
i  + 100), (25·ew

i  – 150, 25·ew
i  – 70, 25·ew

i  + 70, 25·ew
i  + 150), (30·ew

i  – 100, 
30·ew

i  – 50, 30·ew
i  + 50, 30·ew

i  + 100), (30·ew
i  – 150, 30·ew

i  – 70, 30·ew
i  + 70, 30·ew

i  + 150), (35·ew
i  – 100, 35·ew

i  
– 50, 35·ew

i  + 50, 35·ew
i  + 100), respectively. Correspondingly, the deterministic emissions in these 8 groups are 

enlarged 15 -fold, 20 -fold, 20 -fold, 25 -fold, 25 -fold, 30 -fold, 30 -fold, and 35 -fold, respectively. The remaining 
parameter settings remain unchanged. Each test is independently executed 30 times, and the average value is 
taken to reduce random errors. Finally, the operational cost of the 3 datasets is compared across these eight 
groups of comparative cases, and the specific differences (i.e., the operational cost under uncertain emissions 
minus that under deterministic emissions) are shown in Fig.  9. Moreover, the computational time of the 3 
datasets is compared across these eight groups of comparative cases, and the differences (i.e., the computational 
time under uncertain emissions minus that under deterministic emissions) are shown in Fig. 10.

As shown in Fig.  9, regardless of the dataset type, the operational cost under deterministic emissions is 
generally lower than that under uncertain emissions. For example, in the R101 dataset, the minimum difference 

Fig. 6.  The collection and transportation process for uncertain waste emissions.
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between the two is 80.2 RMB in Group 1, and the maximum difference is 201.5 RMB in Group 8. Similarly, a 
similar variation trend also occurs in the RC208 and C205 datasets. This is because, under uncertain emission 
conditions, the waste emissions at collection points fluctuate greatly. When the collection vehicle arrives at the 
next collection point, the waste emission may exceed the remaining effective load of the vehicle, which leads to 

Fig. 8.  Sensitivity analysis of the decision maker subjective preference values.

 

Fig. 7.  Algorithm convergence iterations under two types of waste emissions.
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additional transportation distance and thereby increases the operational cost. On the other hand, to ensure that 
the collection points are effectively served within the prescribed time, additional vehicles need to be dispatched to 
complete the collection and transportation tasks, which also increases the operational cost. Therefore, regardless 
of the dataset, the operational cost under uncertain emissions is higher than that under deterministic emissions.

Furthermore, as shown in Fig. 10, regardless of the dataset type, the computational time under uncertain 
emissions is consistently higher than that under deterministic emissions. For instance, in the R101 dataset, the 
minimum difference occurs in Group 1 (6.2 s), whereas the maximum difference is observed in Group 8 (25.3 s). A 
similar trend can also be found for the RC208 and C205 datasets. This is mainly because incorporating uncertain 
emissions introduces additional computational burdens: each candidate solution must be evaluated not only by 
the objective function but also by the credibility-based chance constraints (with the decision-maker preference 
level), which requires repeated credibility/feasibility checks during route construction and neighborhood moves. 
Moreover, the uncertainty-aware setting may trigger more frequent repairs (e.g., returning to the transfer station 
and reallocating service when the feasibility condition is not satisfied), effectively enlarging the search space 
and increasing the cost of solution evaluation, thereby leading to longer overall runtimes. However, it should 
be noted that the additional computational time remains within an acceptable range. For example, in Group 8 
of the C205 dataset, the computational time under uncertain emissions is 142.5 s, compared with 89.2 s under 
deterministic emissions. Although the difference is 53.3 s, the overall runtime for the uncertain-emission case 
is still acceptable.

Algorithm performance comparison
To compare the solution performance of different algorithms, ALNS-TS, ALNS, GA, and ACO are applied to 
solve the eight uncertain-emission cases of the benchmark dataset C205. Among these methods, the parameter 
settings of ALNS are consistent with those. The GA parameters are determined via an orthogonal experimental 
design L9(34): the population size is set to 200, the crossover probability is 0.7, the mutation probability is 0.1, 
and the elitism rate is 0.1. Similarly, the ACO parameters are also selected based on the orthogonal experiments 
L9(34): the number of ants is 100, the pheromone importance coefficient is 0.9, the pheromone evaporation rate 
is 0.1, and the pheromone deposit constant is 10. In addition, the maximum number of iterations is set to 1,000 
for all algorithms. The operational cost and computational time are recorded, as shown in Fig. 11.

As shown in Fig. 11(a), the tabu search mechanism effectively prevents ALNS from being trapped in local 
optima. Specifically, ALNS-TS reduces the operating cost by at least 157.5 RMB in Group 1 and by up to 338.5 
RMB in Group 8 compared with ALNS. This improvement can be attributed to the TS mechanism, which records 

Fig. 10.  Differences in computational time of the three datasets across different comparative cases.

 

Fig. 9.  Differences in operational cost of the three datasets across different comparative cases.
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previously explored routes and maintains a tabu list, thereby discouraging revisiting recently visited solutions 
and strengthening the global search capability of ALNS. In addition, TS helps the search escape local optima 
by promoting solution diversity and deeper exploration, enabling ALNS-TS to continue improving in the later 
stages and ultimately converge to a lower operating cost, thus exhibiting better solution quality and convergence 
behavior than ALNS. Although Fig. 11(b) indicates that incorporating TS slightly increases the computational 
time of ALNS-TS, the runtime remains within an acceptable range. According to our statistics, across all cases, 
the average computational time of ALNS-TS is only 7.2% higher than that of ALNS. Therefore, integrating the 
TS mechanism significantly enhances the overall performance of ALNS.

Furthermore, as shown in Fig.  11, ALNS-TS achieves the best overall solution performance, followed by 
ALNS and ACO, whereas GA performs the worst. Specifically, across all cases, ALNS-TS reduces the operating 
cost by an average of 13.5%, 6.2%, and 7.9% compared with GA, ALNS alone, and ACO, respectively. Although 
ALNS-TS incurs a slightly longer computational time than ALNS, it still reduces the average runtime by 
15.6% and 14.1% relative to ACO and GA, respectively. This is because ALNS-TS combines the global search 
ability of ALNS with the local optimization capability of the tabu search mechanism. It dynamically adjusts 
12 neighborhood criteria and uses tabu search to avoid redundant explorations, ultimately achieving lower 
operating cost and faster convergence. In contrast, ACO relies solely on pheromone updates, making it prone 
to local optima and slower convergence, while GA, based on random crossover and mutation, offers global 
search ability but suffers from lower convergence precision and poorer solution quality. Therefore, ALNS-TS 
demonstrates the best performance for solving this problem.

Insights into managing MSW collection routing
In real-world MSW collection operations, it is essential to account for uncertain emissions, because the actual 
waste generated at collection points is not constant and can vary substantially due to public events, holidays, 
emergencies, and weather conditions. Ignoring such uncertainty may lead to infeasible routes (e.g., insufficient 
remaining vehicle capacity upon arrival), unplanned returns to transfer stations, and last-minute vehicle 
dispatching, thereby increasing operational disruptions and overall cost. Based on this practical context, the 
following insights are provided.

	(1)	 Trapezoidal fuzzy numbers more realistically and robustly represent MSW emission uncertainty than tri-
angular ones. In practice, MSW emissions at collection points are often “uncertain yet relatively stable”, i.e., 
they fluctuate within an interval. Using trapezoidal fuzzy numbers allows managers to specify a relative 
most probable interval [b, c] rather than a single most likely point, which provides a more realistic uncer-
tainty description and helps reduce the risk of infeasible collection (e.g., arriving with insufficient remain-
ing capacity).

	(2)	 How to choose the preference level α (service reliability vs. operational cost). The preference level α in the 
credibility-based chance constraints can be interpreted as a managerial “service reliability requirement”. A 
larger α leads to more conservative routing decisions, typically increasing operational cost but reducing the 
probability of service failure and the need for corrective actions. Therefore, managers can tune α according 
to policy requirements and local service standards: higher α is recommended for high-risk periods (e.g., 
holidays or public events), while a moderate α may be sufficient during normal periods to balance reliability 
and cost. 

	(3)	 Operational decision support for scheduling and contingency management. The proposed ALNS-TS pro-
vides effective routing plans within acceptable computational time, supporting day-to-day planning. In 
particular, it can be used for rapid scenario evaluation to generate contingency plans before special events 
or forecasted adverse weather, improving preparedness and service continuity.

Fig. 11.  Comparison of different methods.
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Conclusion
Existing research often treats waste emissions as deterministic values, ignoring the impact of uncertain emissions 
on the MSW collection and transportation process. This may result in improper collection and transportation 
route plans, causing waste to not be cleared in a timely manner and thereby affecting residents’ quality of life. 
Therefore, studying the MSW vehicle routing optimization from a fuzzy programming perspective can better 
reflect real-world issues and is essential for enhancing waste management efficiency.

To investigate the impact of uncertain waste emissions on route plans, this paper introduces trapezoidal fuzzy 
numbers to characterize waste emissions and proposes a multi-depot MSW vehicle routing optimization model 
with the objective of minimizing collection cost while incorporating the decision maker’s subjective preference 
constraints. Then, we propose an ALNS-TS algorithm that optimizes ALNS through a tabu search mechanism 
to prevent it from getting trapped in local optima. Subsequently, case studies are designed to compare waste 
collection and transportation plans under deterministic and uncertain emissions, to compare the results of 
different algorithms, and to perform a sensitivity analysis on the subjective preference value. Finally, specific and 
effective managerial recommendations are provided to support practical decision-making in MSW collection 
and transportation operations.

This paper provides a robust and practical solution for MSW managers, while also contributing to the literature 
on MSW collection and transportation routes. However, this study’s limitation is that it does not consider inter-
station coordination (e.g., load balancing, cross-station vehicle sharing, or dynamic reassignment). Incorporating 
such collaborative mechanisms may further improve system-level efficiency and service reliability, which will be 
explored in future work.

Data availability
The datasets involved in this study are publicly available. The specific URLs are as follows: ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​C​
e​r​v​​E​d​i​n​/​s​​o​l​o​m​o​n​​-​v​r​p​t​w​​-​b​e​n​c​​h​m​a​r​k​s​​/​b​l​o​b​/​​m​a​i​n​/​c​​/​2​/​c​2​​0​5​.​j​s​o​​n​h​t​t​p​s​​:​/​/​g​i​t​​h​u​b​.​c​​o​m​/​C​e​r​v​E​d​i​n​/​s​o​l​o​m​o​n​-​v​r​p​t​w​-​b​
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