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Abstract

To address high uncertainty, dynamic evolution, and limited information in emergency
decision-making for major sudden disasters, this paper proposes a sliding-window game-
theoretic method with four reference points for emergency response selection. Firstly,
interval-valued T-spherical fuzzy sets are adopted to capture decision-makers’ uncertain
and hesitant evaluations in interval form. Subsequently, a four-reference-point framework,
including the external, internal, average development speed, and ideal proximity reference
points, is established to reflect stage-dependent psychological baselines. Furthermore,
criterion weights are updated by a sliding-window game-theoretic combination weighting
scheme that integrates entropy, anti-entropy, criteria importance through intercriteria
correlation, and the coefficient of variation, and performs rolling updates across stages.
Prospect values are then computed relative to the four reference points and aggregated to
rank alternatives at each stage. Finally, a case study of the 2024 Huludao extreme rainfall
event applies the proposed method to evaluate four candidate schemes across six criteria
over three decision stages. Results show that rescue cost has the highest weight in all
stages, while the importance of rescue speed decreases and social impact increases as
the response progresses. The proposed method identifies a comprehensive flood relief
scheme led by the People’s Liberation Army and the People’s Armed Police Force as the
best option in all stages, because it achieves the highest comprehensive prospect values
among all alternatives. Comparative analyses indicate more consistent identification of the
optimal scheme than existing approaches, supporting sustainable and resource-efficient
disaster management.

Keywords: emergency decision-making; safety and sustainability; interval-valued T-spherical
fuzzy set; four reference points; sliding window theory; game theory combination weighting

1. Introduction
In recent years, climate change and the growing influence of human activities have

increased the frequency of major sudden disasters worldwide, with casualties and economic
losses rising steadily [1,2]. The 2025 Global Assessment Report on Disaster Risk Reduction
states that from 2015 to 2023, over 124 million people were affected by disasters annually.
Economic losses have also surged: between 2001 and 2020, annual direct costs ranged
from 180 to 200 billion US dollars [3]. In the wake of such events, minimizing economic
loss, reducing casualties, and mitigating environmental degradation have become urgent
priorities for sustainable development [4]. Emergency decision-making, utilizing limited
time and resources, must swiftly identify and optimize response plans using scientific
theories and methods, factoring in both subjective and objective conditions [5]. Given the
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increasing complexity and uncertainty, traditional decision-making methods in emergency
management have proven inadequate. They are often overly idealized, fail to capture
dynamic multi-stage evolution, struggle with fuzzy uncertainties, and are poorly suited
to real-time responses and resource constraints. Therefore, there is an urgent need for
methodical innovations and optimization to improve the scientific rigor and effectiveness
of responses to major disasters.

After a major sudden disaster occurs, national and local governments typically con-
vene a decision task force composed of experts from multiple domains to develop emer-
gency response schemes as quickly as possible. However, the post-disaster decision en-
vironment is often time-critical, shows clear stage-wise evolution, and remains difficult
to predict [6]. Meanwhile, available information is usually incomplete and cannot be
updated in real time. As a result, experts inevitably exhibit hesitation and uncertainty
during evaluation, making it difficult to provide precise numerical judgments [7]. For
this reason, fuzzy linguistic has become a common way to represent uncertain informa-
tion and support the selection of emergency response schemes. Recent uncertainty-aware
multi-criteria decision-making (MCDM) studies often combine advanced fuzzy languages
with objective weighting and ranking procedures to support complex evaluations. For
example, spherical fuzzy sets (SFS) have been integrated with entropy-based weighting
and the combinative distance-based assessment (CODAS) method for supply chain sus-
tainability risk assessment and supplier selection [8], and with the criteria importance
through intercriteria correlation (CRITIC) method and the double normalization-based
multi-aggregation (DNMA) approach for evaluating irrigation systems under uncertain
information [9]. Fuzzy sets were first introduced by Zadeh [10]. This framework uses only
the membership degree to express support, and it offers limited capability for representing
hesitation. Atanassov [11] then proposed intuitionistic fuzzy sets (IFS) by adding the non-
membership degree, yet IFS is still constrained by strict admissible conditions. To better
express high hesitation and extreme assessments, Yager developed Pythagorean fuzzy sets
(PyFS) [12] and q-rung orthopair fuzzy sets (q-ROFS) [13]. These models increase flexibility
by relaxing constraints or introducing parameters. Probabilistic hesitant fuzzy sets (PHFS)
further attach probabilities to hesitant assessments, and they have been combined with
the complex proportional assessment (COPRAS) method to select treatment policies under
uncertainty [14]. Further extensions move from two-dimensional to three-dimensional
representations. Cuong [15] proposed picture fuzzy sets, where hesitancy is treated as an
independent dimension. This structure allows attitudes such as “support,” “neutral,” and
“oppose” to be expressed more directly. Mahmood [16] introduced spherical fuzzy sets (SFS)
and further generalized them to T-spherical fuzzy sets (TSFS). These models accommodate
richer combinations of evaluations within a three-dimensional space. SFS-based frame-
works have also been extended by integrating the root assessment method (RAM) into
spherical fuzzy environments, forming a spherical fuzzy RAM (SF-RAM) for sustainability-
oriented selection problems [17]. Since real-world assessments are often difficult to express
with a single precise value, Ullah et al. [18] extended the membership, non-membership,
and hesitancy degrees to interval forms and proposed interval-valued T-spherical fuzzy
sets (IVTSFS). IVTSFS reduces information loss while satisfying the required constraints.
Beyond fuzzy sets, neutrosophic models explicitly represent indeterminacy, and recent
studies have combined them with methods such as evaluation based on distance from
average solution (EDAS) and the decision-making trial and evaluation laboratory (DEMA-
TEL) for decision evaluation under uncertainty [19,20]. Neutrosophic type-2 numbers have
also been incorporated into the neutrosophic type-2 additive ratio assessment (N-type-2
ARAS) method to enhance flexibility when information is inaccurate or ambiguous [21].
Many related emergency decision-making studies still rely on crisp values or single-point
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fuzzy numbers, which can compress expert hesitation into a fixed estimate and narrow the
feasible evaluation range. Given the complex and rapidly changing nature of major sudden
disasters, expert judgments require a multi-dimensional and non-precise representation.
Therefore, interval-valued T-spherical fuzzy numbers are adopted as the evaluation lan-
guage to support emergency decision-making. Table 1 compares the differences among
various fuzzy sets.

Table 1. Comparison of partial fuzzy sets.

Membership
Degree

Non-Membership
Degree

Hesitancy
Degree

Greater Feasible
Range

Interval
Expression

FS
√

IFS
√ √

PyFS
√ √ √

q-ROFS
√ √ √

PFS
√ √ √

SFS
√ √ √ √

TSFS
√ √ √ √

IVTSFS
√ √ √ √ √

Traditional emergency decision-making research often adopts fully rational frame-
works, such as expected utility theory, which assume that decision-makers evaluate out-
comes by absolute utility [22]. In practice, empirical evidence suggests otherwise. Decision-
makers tend to be reference-dependent and boundedly rational [23]. They judge outcomes
against psychologically salient reference points and often show loss aversion and con-
text dependence [24,25]. Reference point theory, introduced by Kahneman and Tversky
in prospect theory, suggests that decisions are shaped by gains and losses relative to a
reference point, with losses weighted more heavily [26]. In emergency decision-making,
omitting reference points can downplay safety thresholds and target values, and may
produce recommendations that conflict with actual preferences. Early models used a single
reference point, often the decision-maker’s status quo or expectation, to define gains and
losses via positive and negative deviations [27]. This design is intuitive, but it is too coarse
for emergency settings where multiple thresholds often coexist. Dual-reference-point mod-
els were then proposed to evaluate outcomes against both a bottom-line reference point
and an ideal target, offering a richer representation of loss aversion [28]. They have been
combined with cumulative prospect theory and applied to scenarios such as forest fires [29].
Yet many dual-reference-point models treat the status quo as fixed. This is a weakness
in evolving disasters, where the current situation may improve or deteriorate and the
psychological baseline shifts accordingly [30]. Tri-reference-point theory addresses this by
considering the bottom line, the status quo, and the target simultaneously under risk [31].
It has shown strong predictive ability in areas such as financial investment and aviation
scheduling [32,33], and has been extended to dynamic settings with time-dependent ref-
erence points [34]. However, existing dynamic models still describe stage-wise changes
in reference points only in a limited way. In particular, many models provide limited
mechanisms to link benchmark shifts to fast-changing rescue conditions and time-sensitive
targets, which reduces interpretability in major sudden disasters. This makes them hard to
apply to rapidly evolving major sudden disaster scenarios. To better match this need, an
ideal proximity reference point is added to form a four-reference-point evaluation system.
It quantifies the gap and closeness between the current state and the ideal state at each
stage, and tracks how this relationship changes over time.

In emergency plan selection, assigning appropriate weights to evaluation criteria is
essential [35]. Subjective weighting can reflect expert experience, but it depends heavily on
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personal judgment and is therefore prone to bias [36]. It also often requires repeated scoring
or deliberation, which is inefficient when rapid decisions are needed. For these reasons,
objective weighting methods are widely used in emergency decision-making. Yet a single
objective method may still produce unstable weights, because different methods focus on
different aspects of the data. To integrate their strengths, composite weighting approaches
have been developed [37,38], including simple averaging, weighted averaging, and product-
based methods [39]. Among them, game theory combination weighting is increasingly
adopted because it can coordinate conflicting results [40,41]. It treats the weights produced
by different methods as “players” in a game and seeks a compromise solution. This reduces
the bias of any single method and improves stability [40–42]. Following this idea, four
objective weighting methods are used—entropy weight, anti-entropy weight, CRITIC, and
the coefficient of variation—and their results are coordinated via game theory combination
weighting [43]. However, game theory combination weighting is still a static model.
This static setting is still common in emergency evaluation studies, yet it can miss stage-
dependent priority shifts during post-disaster response. Once determined, criterion weights
remain fixed. This does not match emergency contexts, where the importance of criteria
can shift across stages as the rescue environment changes. Static weights may lag behind
real needs. To address this gap, a sliding-window mechanism is introduced to enable
dynamic weighting. Sliding window techniques divide a time series into overlapping
windows and process information locally within each window. They can capture both
stage-specific features and overall evolution trends [44–46]. By combining sliding windows
with game theory combination weighting, criterion weights can be updated across stages,
improving temporal relevance and responsiveness in emergency evaluation. Compared
with static weights, the rolling update reduces the influence of early information that may
no longer represent current conditions. Compared with a stage by stage reweighting scheme
without overlap, overlapping windows obtained by adjusting the sliding step size provide
continuity across stages and help avoid abrupt changes in weights and rankings when the
data fluctuate. This continuity is important in disaster response, where information is often
noisy and decisions must be updated.

Building on the above and focusing on the selection of emergency response schemes
for major sudden disasters, this study is motivated by the following:

1. Existing fuzzy evaluation languages still struggle to represent post-disaster judgments
precisely. Many methods rely on precise values or restricted scales, which cannot fully
reflect high hesitation, strong opposition, or insufficient information. Therefore, this
study adopts IVTSFS to express evaluations in interval form. This design reduces
information loss and allows a wider and more flexible description of membership,
non-membership, hesitancy, and rejection under uncertain post-disaster conditions.

2. Existing reference-point frameworks do not capture dynamic evaluation benchmarks
well enough. Single or fixed dual reference points are often too rigid for staged emer-
gency decisions, and tri-reference-point models remain limited in evolving contexts.
Therefore, this study introduces the ideal proximity reference point and constructs a
four-reference-point evaluation framework to reflect changing psychological baselines
across stages.

3. As the scenario evolves, criterion weights need to be updated dynamically. Subjective
weights can be time-consuming and preference-driven, while single objective methods
may be partial and unstable. Therefore, this study employs game theory combination
weighting and embeds a sliding window mechanism to update weights across stages
and support stage-adaptive resource allocation.

In summary, this study combines the advantages of interval-valued T-spherical fuzzy
sets, extends the four-reference-point evaluation mechanism, and optimizes the game
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theory combination weighting method using the sliding window concept. It proposes a
new emergency evaluation method that can select more reasonable and effective plans
at different stages of emergency response after major sudden disasters, providing more
scientific and feasible decision support for emergency rescue departments. This decision
support is also relevant to sustainability. Emergency operations consume substantial re-
sources, and poor allocation can lead to redundant mobilization and avoidable waste. By
combining four reference points with sliding-window dynamic weighting, the proposed
method supports feasible, stage-adaptive allocation and reduces unnecessary consump-
tion as conditions change. This focus aligns with UN Sustainable Development goals,
particularly Goal 11, which highlights risk-informed planning and resilient recovery for
sustainable cities and communities.

The contributions of this paper can be summarized as follows:

1. This paper adopts IVTSFS as the evaluation language. IVTSFS allows the member-
ship degree, non-membership degree, hesitancy degree, and rejection degree to be
expressed in interval form. It provides finer representation and greater flexibility. It
helps capture uncertainty and hesitation in post-disaster decision contexts more fully.

2. Building on existing multi-reference-point research, this paper considers the dynamic
changes in decision environments across post-disaster stages. It introduces the ideal
proximity reference point as the fourth reference point. The resulting four-reference-
point evaluation mechanism better reflects the gap between the current state and the
target, as well as its time-varying trend. This makes it easier to assess the strengths
and weaknesses of each scheme in a dynamic decision environment.

3. This study employs the game theory combination weighting method to determine
criterion weights, so that the advantages of multiple weighting methods are balanced.
On this basis, a sliding window mechanism is introduced. The post-disaster rescue
time is divided into windows, and the weights are adjusted dynamically across stages.
This makes the weight configuration more consistent with the current evaluation
environment and better reflects the timeliness and urgency of decision-making for
major sudden disasters.

To clarify the methodological positioning of this study and highlight its practical
advantages, Table 2 provides a concise comparison between the proposed framework and
commonly used traditional approaches for emergency plan selection.

Table 2. Comparison of the proposed method and traditional approaches.

Comparison
Dimension Traditional Approaches Proposed Method Implication

Uncertainty
representation

Single crisp values + narrow
feasible domain

IVTSFS: interval-valued representation +
expanded feasible domain

More realistic
uncertainty modeling

Evaluation
baseline

Fully rational assumption +
single reference point

Four reference points + prospect-value
evaluation

Clearer gains and
losses interpretation

Weighting
scheme

Fixed weights across stages +
single weighting method

Sliding window + game-theoretic
combination weighting

Stage-adaptive
priorities

The structure of the rest of the paper is as follows: Section 2 introduces the basic
concepts of interval-valued T-spherical fuzzy sets and the comparison rules for their sizes.
Section 3 constructs a four-reference-point emergency evaluation model based on the sliding
window game theory. Section 4 demonstrates and analyzes the practical applicability and
effectiveness of the proposed method through examples. Finally, Section 5 summarizes the
research and looks forward to future research directions.
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2. Preliminaries
2.1. Interval-Valued T-Spherical Fuzzy Set

Definition 1 ([18]). Let X be a finite universe of discourse. A set A is called an interval-valued
T-spherical fuzzy set (IVTSFS) on X, defined as:

A = {⟨x, µ̃A(x), η̃A(x), ν̃A(x)⟩|x ∈ X } (1)

The set µ̃A(x) = [µAL(x), µAU(x)] ⊆ [0, 1] represents the membership degree in-
terval of A, η̃A(x) = [ηAL(x), ηAU(x)] ⊆ [0, 1] represents the hesitancy degree interval
of A, ν̃A(x) = [νAL(x), νAU(x)] ⊆ [0, 1] represents the non-membership degree interval of A,
and these satisfy the condition: 0 ≤ (µAU(x))q + (ηAU(x))q + (νAU(x))q ≤ 1, where q ≥ 1.

Additionally, π̃A(x) = [πAL(x), πAU(x)] ⊆ [0, 1] represents the rejection degree interval
of A, where

πAL(x) =
(
1 − (µAU(x))q − (ηAU(x))q − (νAU(x))q) 1

q (2)

πAU(x) =
(
1 − (µAL(x))q − (ηAL(x))q − (νAL(x))q) 1

q (3)

Let IVTSFS(X) denote the collection of all interval-valued T-spherical fuzzy sets defined
on X. Define A(x) = ⟨µ̃A(x), η̃A(x), ν̃A(x)⟩ as an interval-valued T-spherical fuzzy number
(IVTSFN) on X. For convenience, it can be written as:

A(x) = α = ⟨µ̃, η̃, ν̃⟩ = ⟨[µL, µU ], [ηL, ηU ], [νL, νU ]⟩ (4)

where [µL, µU ], [ηL, ηU ], [νL, νU ] ⊆ [0, 1], (µU)
q + (ηU)

q + (νU)
q ≤ 1 and q ≥ 1.

Definition 2 ([18]). For any A, B ∈ IVTSFS(X), the following operational rule is defined:

1. A ⊕ B = ⟨[ q
√

µAL
q + µBL

q − µAL
q × µBL

q, q
√

µAU
q + µBU

q − µAU
q × µBU

q], [ηAL × ηBL,
ηAU × ηBU ], [νAL × νBL, νAU × νBU ]⟩;

2. A⊗B = ⟨[µAL × µBL, µAU × µBU], [ηAL × ηBL, ηAU × ηBU], [ q
√

νAL
q + νBL

q − νAL
q × νBL

q,
q
√

νAU
q + νBU

q − νAU
q × νBU

q]⟩;
3. λA =

([
q
√

1− (1− µAL
q)λ, q

√
1− (1− µAU

q)λ
]

,
[
(ηAL)

λ, (ηAU)
λ
]
,
[
(νAL)

λ, (νAU)
λ
])

;

4. Aλ =

([
(µAL)

λ, (µAU)
λ
]
,
[
(ηAL)

λ, (ηAU)
λ
]
,
[

q
√

1− (1− νAL
q)λ, q

√
1− (1− νAU

q)λ
])

.

Definition 3 ([47]). Let α = ⟨ µ̃α , η̃α , ν̃α ⟩ = ⟨ [µαL , µαU ] , [ηα L , ηαU ] , [να L , ναU ]⟩ and β =〈
µ̃β, η̃β, ν̃β

〉
=
〈[

µβL, µβU
]
,
[
ηβL, ηβU

]
,
[
νβL, νβU

]〉
be two interval-valued T-spherical fuzzy

numbers (IVTSFNS). Then the distance between α and β is defined as:

d(α, β) =

(∣∣∣µq
αL − µ

q
βL

∣∣∣2 + ∣∣∣µq
αU − µ

q
βU

∣∣∣2 + ∣∣∣ηq
αL − η

q
βL

∣∣∣2 + ∣∣∣ηq
αU − η

q
βU

∣∣∣2 + ∣∣∣νq
αL − ν

q
βL

∣∣∣2 + ∣∣∣νq
αU − ν

q
βU

∣∣∣2 + ∣∣∣πq
αL − π

q
βL

∣∣∣2 + ∣∣∣πq
αU − π

q
βU

∣∣∣2) 1
2

(5)

Definition 4 ([48]). For any interval-valued T-spherical fuzzy number α = ⟨µ̃, η̃, ν̃⟩ =

⟨[µL, µU ], [ηL, ηU ], [νL, νU ]⟩, the score interval of α is defined as:

∆α = [∆L(α), ∆U(α)] =

[
1 + (µL)

q − (νU)
q

2
,

1 + (µU)
q − (νL)

q

2

]
(6)

the exact interval of α is defined as:

φ(α) = [φL(α), φU(α)] =

[
1 + (µL)

q + (νL)
q

2
,

1 + (µU)
q + (νU)

q

2

]
(7)
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the missing interval of α is defined as:

ψ(α) = [ψL(α), ψU(α)] =

[
1 − (µU)

q − (ηU)
q − (νU)

q

2
,

1 − (µL)
q − (ηL)

q − (νL)
q

2

]
(8)

where ∆α ⊆ [0, 1], φ(α) ⊆ [0.5, 1], ψ(α) ⊆ [0, 0.5].

Definition 5 ([49]). Let a = [aL, aU ] and b = [bL, bU ] be two interval numbers. The lengths of the
intervals are given by l(a) = aU − aL and l(b) = bU − bL. The formula for the possibility degree
that a ≥ b is expressed as:

P(a ≥ b) = max
{

1 − max
{

bU − aL
l(a) + l(b)

, 0
}

, 0
}

(9)

Definition 6 ([48]). Let α and β be two interval-valued T-spherical fuzzy numbers. The comparison
rules are as follows:

1. If P(∆(α) ≥ ∆(β)) < 0.5, then α < β;
2. When P(∆(α) ≥ ∆(β)) = 0.5,

if P(φ(α) ≥ φ(β)) < 0.5, then α < β ;

when P(φ(α) ≥ φ(β)) = 0.5,
if P(ψ(α) ≥ ψ(β)) < 0.5, then α < β ;
if P(ψ(α) ≥ ψ(β)) = 0.5, then α = β.

Definition 7 ([18]). Let oj =
〈[

µL
j , µU

j

]
,
[
ηL

j , ηU
j

]
,
[
νL

j , νU
j

]〉
(j = 1, 2, . . . n) be a collec-

tion of IVTSFSs, and let w = (w1, w2, . . . , wn)
T be the corresponding weight vector, where

wj ∈ [0, 1],
n
∑

j=1
wj = 1. Then, the interval-valued T-spherical fuzzy weighted average (IVTSFWA)

operator is defined as:

IVTSFWA(o1, o2, . . . , on) =

([
q

√
1 −

n
∏
j=1

(
1 −

(
µL

j

)q)wj
, q

√
1 −

n
∏
j=1

(
1 −

(
µU

j

)q)wj
]

,[
n
∏
j=1

(
ηL

j

)wj
,

n
∏
j=1

(
ηU

j

)wj
]

,

[
n
∏
j=1

(
νL

j

)wj
,

n
∏
j=1

(
νU

j

)wj
]) (10)

2.2. Sliding Window Theory

A sliding window is an online updating mechanism for dynamic environments. At
each decision time, it retains only the most recent segment of information. This segment is
used to compute statistics or update decision variables. In this way, the method reduces the
lag caused by long-term accumulation of historical information and improves responsive-
ness to contextual changes [50]. In data stream learning and concept drift studies, sliding
windows are often used as a basic structure for statistical updating and change detection.
For example, the adaptive window method adjusts the window length through statistical
tests. This helps refresh the statistics inside the window when the data distribution changes.
Sliding windows are also widely used in time-series analysis and forecasting, especially
when model parameters or the environment vary over time. The goal is consistent: down-
weight old information and emphasize recent information. The window size controls a
trade-off between stability and sensitivity.

The key idea is to partition sequential data into a series of connected time windows.
Information within each window is processed locally to extract stage-specific features. As
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the window moves forward, the trajectory of indicators or states can be tracked over time.
This helps capture the overall evolution trend of the system.

Definition 8 ([46]). Let the discrete time index be t = 1, 2, . . . , T. The observation at time t is
denoted as Xt. Given the window length H and the sliding step size s, the sliding window at time t is
defined as:

Wt = {Xt−H+1, Xt−H+2, Xt}, t ≥ H (11)

When t < H, Wt can be set to Wt = {X1, X2, . . . , Xt}. The window moves forward by
step s, that is, from Wt to Wt+s. This rolling update introduces the newest information and
removes the earliest information.

Here, the window length H reflects how much recent information the model focuses
on. A smaller H increases sensitivity to abrupt changes and rapid evolution, but it may also
lead to higher fluctuations. A larger H improves stability, but it can cause delayed responses.
The rolling-window idea is often used to improve prediction and decision responsiveness
when structural changes or parameter instability exist. The choice of window size can
strongly affect performance and should be tuned to the specific case.

2.3. Game Theory Combination Weighting

In multi-attribute decision-making, different weighting methods often rely on different
information. As a result, the obtained weight vectors may vary. Conventional combination
schemes, such as simple averaging or weighted averaging, are easy to implement, but they
do not necessarily reconcile these differences effectively. The game theory combination
weighting method [51] has therefore attracted increasing attention because of its strong
ability to coordinate inconsistent weighting results. It introduces a game-theoretic view
by treating different objective weight vectors as players. By solving for a compromise
equilibrium, it minimizes the overall deviation between the combined weights and the
individual weights, leading to more balanced and stable results. The procedure is as follows.

Step 1: Construct the set of basic weight vectors.

Definition 9 ([43]). Assume that m weighting methods are used, producing weight vectors for
n criteria:

ω(k) =
(

ω
(k)
1 , ω

(k)
2 , . . . , ω

(k)
n

)T
, k = 1, 2, . . . , m (12)

where ∑n
j=1 ω

(k)
j = 1 and ω

(k)
j ≥ 0.

Step 2: Build the linear combination form.

Definition 10 ([43]). Let the combined weight vector be a linear combination of the weight vectors
from different methods:

ω =
m

∑
k=1

αkω(k), αk > 0 (13)

where ∑m
k=1 αk = 1.

Step 3: Solve for the optimal combination coefficients.
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Definition 11 ([43]). The common objective is to minimize the deviation between the combined
weights and each individual weight vector:

min
m

∑
k=1

∥∥∥ω − ω(k)
∥∥∥2

2
= min

m

∑
k=1

∥∥∥∥∥ m

∑
ℓ=1

αℓω
(ℓ) − ω(k)

∥∥∥∥∥
2

2

(14)

By applying the first-order optimality condition with respect to αk, the problem can be
converted into a system of linear equations, and the optimal coefficients can be obtained.

Step 4: Normalize the coefficients and compute the final combined weights.

Normalize the obtained {αk}:

α∗k =
αk

∑m
k=1 αk

(15)

The final game theory combination weights are then given by:

ω∗ =
m

∑
k=1

α∗k ω(k) (16)

3. A Four-Reference-Point Emergency Decision-Making Method Based
on Sliding Window Game Theory
3.1. Problem Description

In the context of emergency decision-making during major sudden disasters: Let
A = {a1, a2, . . . , am}(m ≥ 2) be a set of emergency response schemes, E = {e1, e2, . . . , el}
be a set of decision-makers, T = {t1, t2, . . . th} be a set of decision stages, C = {c1, c2, . . . , cn}
be a set of criteria, and w = {w1, w2, . . . , wn} be the weights of criteria, satisfies

wj ∈ [0, 1], j = 1, 2, . . . n and
n
∑

j=1
wj = 1. The evaluation result of ai(i = 1, 2, . . . , m) with

respect to cj(j = 1, 2, . . . , n) in decision stage tk(k = 1, 2, . . . , h) using IVTSFS should be

given by each DM, represented as Ru =
(

rk
iju

)
m×n

, where rk
iju =

〈
µ̃k

iju, η̃k
iju, ν̃k

iju

〉
=〈[

µk
ijuL, µk

ijuU

]
,
[
ηk

ijuL, ηk
ijuU

]
,
[
νk

ijuL, νk
ijuU

]〉
. The problem considered in this study is to

determine the optimal emergency response scheme for major sudden disasters. To this
end, the weights of evaluation criteria are dynamically adjusted through a game theory
combination weighting method incorporating the sliding window theory. Furthermore,
based on reference point theory, the comprehensive prospect values of each emergency
response scheme are calculated under four different reference points, which serve as the ba-
sis for the final decision. Then, the process of the proposed four-reference-point emergency
decision-making method based on sliding window game theory is shown in Figure 1.

In Table 3, a nomenclature list is presented to summarize the meanings of main
symbols used in the proposed methodology.

Table 3. Nomenclature list.

Symbol Meaning

ai Emergency response schemes
eu Decision-makers/experts
tk Decision stages
cj Criteria
wj Weights of criteria
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Table 3. Cont.

Symbol Meaning

R IVTSFS decision matrix
λu Weights of experts
rk

j External reference point

qk
ij Internal reference point

δk
j Average development speed reference point

φk
ij Ideal proximity reference point

Z1 Prospect value based on the external reference point
Z2 Prospect value based on the Internal reference point
Z3 Prospect value based on the average development speed reference point
Z4 Prospect value based on the ideal proximity reference point
L Window length
S Sliding step size

Xp Sliding window
wEWM Weights obtained by the entropy weight method

wAnti-EWM Weights obtained by the anti-entropy weight method
wCRITIC Weights obtained by the CRITIC method

wCV Weights obtained by the coefficient of variation method
τ(p) Combination coefficient
τ∗(p) Normalized combination coefficient

W(p)
win

Criterion weight computed within a sliding window

W(p)
comb

Window weight when combining results across windows
Z Four-reference-point comprehensive prospect value

Zstage Prospect values of each emergency response scheme at each decision stage
Z f inal Final prospect values of each emergency response scheme

 

Figure 1. The basic conceptual diagram of the proposed approach.
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3.2. Establish a Four-Reference-Point Emergency Decision-Making Model Based on
Sliding-Window Game Theory

Stage 1: Express and obtain the comprehensive evaluation matrix using interval-valued
T-spherical fuzzy sets.

In the highly uncertain post-disaster evaluation context, expert assessments are often
highly fuzzy and cannot be expressed with precise values. Interval-based expressions
are therefore more appropriate. Therefore, to better capture the evaluation information
of decision-makers in high-dynamic and high-complexity emergency decision-making
environments, this paper adopts IVTSFS as the evaluation language. Interval forms are
used to express the assessment information. This also allows a broader range of admissible
values. Based on this, a comprehensive evaluation matrix is constructed with corresponding
aggregation operators, aligning more closely with the practical needs of emergency decision-
making for major sudden disasters.

Step 1.1: Obtain the evaluation information of each decision-maker based on IVTSFS.

Let Ru =
(

rk
iju

)
m×n

denote the IVTSFS decision matrix provided by decision-

maker eu, each element rk
iju represents the IVTSFS evaluation of emergency response

scheme ai with respect to criterion cj at decision stage tk, where rk
iju =

〈
µ̃k

iju, η̃k
iju, ν̃k

iju

〉
=〈[

µk
ijuL, µk

ijuU

]
,
[
ηk

ijuL, ηk
ijuU

]
,
[
νk

ijuL, νk
ijuU

]〉
.

Step 1.2: Obtain the comprehensive evaluation matrix by using aggregation operators.

Let the interval-valued T-spherical fuzzy comprehensive evaluation matrix be denoted
by R =

(
rk

ij

)
m×n

. It is obtained by aggregating the fuzzy evaluation information from all

experts E = {e1, e2, . . . , el} using the interval-valued T-spherical fuzzy weighted average
(IVTSFWA) operator. The corresponding computation is given as follows:

R(e1, e2, . . . , el) =
l

∑
u=1

λurku
ij (17)

where λ = {λ1, λ2, . . . , λl} denotes the weight of experts, satisfying λu ∈ [0, 1],

u = 1, 2, . . . , l and
l

∑
u=1

λu = 1. The expanded form of the IVTSFWA operator is given

as follows:

R(e1, e2, . . . , el) =


 q

√√√√1 −
l

∏
u=1

(
1 −

(
µku

ijL

)q)λu

, q

√√√√1 −
l

∏
u=1

(
1 −

(
µku

ijU

)q)λu

,

 l

∏
u=1

(
ηku

ijL

)λu

,
l

∏
u=1

(
ηku

ijU

)λu
,

 l

∏
u=1

(
νku

ijL

)λu

,
l

∏
u=1

(
νku

ijU

)λu

 (18)

Stage 2: Construct four-dimensional reference points.

To more accurately capture the dynamic evolution characteristics of the emergency
decision-making environment in the context of major sudden disasters, this paper con-
structs a comprehensive evaluation system with four types of reference points. In addition
to the external reference point, internal reference point, and average development speed
reference point, an ideal proximity reference point is introduced as a supplement. It consid-
ers how close the current state of each alternative is to its target. This better aligns with the
decision-makers’ psychological expectation of making the chosen plan as close as possible
to the ideal result after a disaster, enhancing the model’s explanatory power and practical
applicability in complex emergencies.

Step 2.1: Set external reference point.

The external reference point is used to represent external competitive pressure and
benchmark constraints in emergency decision-making. Its core idea is to compare the
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performance of each alternative under the same evaluation stage and the same criterion
state with the best-achieved level on that criterion, thereby forming an external benchmark.
This benchmark can be viewed as the positive ideal target at the criterion level, reflecting
the objectively best performance that can be expected under a given disaster scenario.
By introducing the external reference point, the model links the relative advantages and
disadvantages of alternatives to their deviations from the optimal benchmark. This makes
the identification of gains and losses more consistent with real decision settings such as
competition for emergency resources.

Accordingly, the positive ideal point is taken as the external reference point. Let rk
ij

denote the evaluation value of emergency response scheme ai with respect to criterion cj at
decision stage tk. The external reference point rk

j is derived as follows:

rk
j = max

1≤i≤m

(
rk

ij

)
(19)

Step 2.2: Set internal reference point.

The internal reference point reflects the decision-maker’s subjective expectations
formed from internal capabilities, resource endowments, and governance objectives. In
essence, it is an expectation-setting mechanism that specifies the improvement level ex-
pected for a given criterion at a given stage. Unlike the external benchmark, this expectation
is not directly determined by outside standards. Instead, it is shaped by a combination of
factors, such as the relative importance of criteria, past response experience, judgments
about the evolving disaster situation, and stage-specific requirements. This allows differen-
tiated effort directions to be set across criteria and stages. To ensure operational feasibility
and interpretability, the expected level should balance attainability and measurability, and
remain consistent with decision objectives. In this way, the internal reference point provides
motivational guidance without departing from practical constraints.

qk
ij represents the decision-maker’s expectation for emergency response scheme ai

under criterion cj at decision stage tk. The corresponding internal reference point for rk
ij

is qk
ij.

Step 2.3: Set average development speed reference point.

The average development speed reference point is introduced to characterize the
dynamic evolution of post-disaster emergency response from a temporal perspective. It
emphasizes that scheme performance should not be treated as a static outcome, but should
be updated as rescue stages progress [34]. If the mean of stage-wise evaluation values is
used as the time benchmark, the construction is simple and can be representative to some
extent. However, it cannot fully reflect how much a scheme changes across stages or how
fast it improves, which weakens the ability to identify evolution trends.

In fact, evaluation should not remain purely static. A dynamic perspective better
reflects how things develop over time. As society advances, decision processes continue to
evolve, and time is a key measure for describing such change. Therefore, time is used as
the reference dimension, and the time reference point is constructed based on the average
development speed of evaluation values.

Let rk
j denote the mean evaluation value across all emergency response schemes for

criterion cj at decision stage tk. It is computed as follows:

rk
j =

1
m

m

∑
i=1

rk
ij (20)
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Denote r1
j as the average evaluation value at the first stage. The average development

speed f j is defined as the positive root of the following equation:

f 1 + f 2 + . . . + f h =

h
∑

k=1
rk

j

r1
j

(21)

The average development speed reference point for criterion cj at decision stage tk,
denoted δk

j , is defined by the following equation:

δk
j = r1

j ×
(

f j

)(k−1)
, k = 1, 2, . . . , h (22)

Step 2.4: Set ideal proximity reference point.

The ideal value represents the target state for evaluation. Comparing an alternative
against this predetermined target establishes a clear benchmark that reflects the decision-
maker’s preference for outcomes close to the ideal. The notion of proximity enables a
dynamic depiction of how alternatives converge toward the ideal, quantitatively capturing
each option’s relative position. This aligns well with the decision-maker’s pursuit of an
improved state. Accordingly, this study introduces the ideal-proximity reference point,
which measures the deviation between each emergency response scheme and the ideal
state for each criterion, thereby ensuring that evaluation results remain closely aligned with
the decision-making objectives.

Let Dideal =
(

dk
ij

)
m×n

denote the distance between the comprehensive evaluation

matrix R =
(

rk
ij

)
m×n

and the ideal-value matrix Q =
(

qk
ij

)
m×n

. The formula is given

as follows:

d(R, Q) =

(∣∣∣µq
RL − µ

q
QL

∣∣∣2 + ∣∣∣µq
RU − µ

q
QU

∣∣∣2 + ∣∣∣ηq
RL − η

q
QL

∣∣∣2 + ∣∣∣ηq
RU − η

q
QU

∣∣∣2+∣∣∣νq
RL − ν

q
QL

∣∣∣2 + ∣∣∣νq
RU − ν

q
QU

∣∣∣2 + ∣∣∣πq
RL − π

q
QL

∣∣∣2 + ∣∣∣πq
RU − π

q
QU

∣∣∣2) 1
2

(23)

φk
ij represents the ideal proximity reference point of emergency response scheme ai

under criterion cj at decision stage tk, which can be derived as follows:

φk
ij = 1 −

dk
ij − min

(
dj
)

max
(
dj
)
− min

(
dj
) (24)

The closer φk
ij is to 1, the nearer the alternative is to its ideal state, indicating better per-

formance.

Stage 3: Establish a four-reference-point prospect theory evaluation model based on sliding
window game theory.

To better integrate the strengths of multiple objective weighting techniques, this paper
adopts a game theory combination weighting method [43] to consolidate the weights pro-
duced by the entropy weight method [52], the anti-entropy weight method [53], the CRITIC
method [54], and the coefficient of variation method [55]. In practical decision-making,
information evolves over time, and criterion importance may shift across stages. There-
fore, a sliding window mechanism with rolling updates is embedded into the weighting
process [50]. Within each window, the weights produced by each individual method are
updated dynamically according to temporal evolution, and the locally optimal combination
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coefficients at the current time point are re-estimated. This approach preserves the global-
optimization benefits of game-theoretic weighting while allowing adaptive responses to
time-varying conditions, thereby markedly improving the weighting system’s flexibility,
timeliness, and predictive accuracy.

Step 3.1: Determine the comprehensive prospect value under four reference points.

First, the external reference point is taken as the baseline to derive the comprehensive
prospect value of alternative ai at decision stage tk under criterion cj, denoted by zk1

ij , is
computed as follows:

zk1
ij = −θ

(
d
(

rk
ij, rk

j

))β
(25)

Second, relative to the internal reference point, the comprehensive prospect value of
alternative ai at decision stage tk under criterion cj, denoted by zk2

ij , is computed as follows:

zk2
ij =


(

d
(

rk
ij, qk

ij

))α
, rk

ij ≥ qk
ij

−θ
(

d
(

rk
ij, qk

ij

))β
, rk

ij < qk
ij

 (26)

Next, based on the average development speed reference point, the comprehensive
prospect value of alternative ai at decision stage tk under criterion cj, denoted by zk3

ij , is
computed as follows:

zk3
ij =


(

d
(

rk
ij, δk

j

))α
, rk

ij ≥ δk
j

−θ
(

d
(

rk
ij, δk

j

))β
, rk

ij < δk
j

 (27)

Finally, using the ideal proximity reference point as the benchmark, the comprehensive
prospect value of alternative ai at decision stage tk under criterion cj, denoted by zk4

ij , is
computed as follows:

zk4
ij =


(

φk
ij − 0.88

)α
, φk

ij ≥ 0.88

−θ
(

0.88 − φk
ij

)β
, φk

ij < 0.88

 (28)

The parameters α, β, and θ are set following the values suggested by Kahneman and
Tversky, α = β = 0.88 and θ = 2.25.

As discussed above, when the ideal proximity reference point φk
ij is closer to 1, the

corresponding scheme is closer to the ideal state. In prospect theory, however, the separation
of gains and losses should be defined by a psychological benchmark rather than by the
absolute ideal point. If 1 is directly used as the threshold, then because φk

ij ≤ 1, all outcomes
fall on the loss side. In that case, the model degenerates into a pure penalty on the distance
to the ideal, and it can no longer reflect the asymmetric sensitivity to gains and losses. To
better reflect emergency decision behavior, a sufficiently ideal level is treated as a gain,
while falling short is treated as a loss and perceived more strongly. Therefore, the boundary
threshold x in Equation (28) is set to 0.88, the sensitivity coefficient for the gain–loss
domains in prospect theory. The loss amount is defined as ∆k

ij = φk
ij − 0.88. In this way,

the ideal-oriented property is preserved, and a psychological threshold is introduced to
represent loss aversion.

In summary, the prospect value matrices based on the four reference points, namely
Z1 =

(
zk1

ij

)
m×n

, Z2 =
(

zk2
ij

)
m×n

, Z3 =
(

zk3
ij

)
m×n

, and Z4 =
(

zk4
ij

)
m×n

, can be constructed.

These four prospect value matrices assess the alternatives from four complementary per-
spectives. The external and internal reference points capture benchmark performance and
feasible expectations, while the average development speed and ideal proximity reference
points capture stage progress and closeness to the target. Together, they provide a com-
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prehensive basis for prioritizing alternatives and provide the inputs for the subsequent
weighting and aggregation steps to obtain the final ranking.

Step 3.2: Derive game-theoretic weighting results based on sliding window theory.

Post-disaster emergency response evolves over time. Disaster conditions, resource
constraints, and response priorities change across stages, so criterion importance also
shifts and cannot be well represented by fixed weights. Moreover, emergency response
inherently involves short-term and long-term trade-offs. In the early stage, decision-makers
emphasize time-critical life-saving outcomes and rapid execution, whereas in later stages
greater attention is required for resilience, recovery efficiency, and societal stabilization.
Therefore, criterion importance should be allowed to vary across stages rather than being
fixed throughout the entire response process. A sliding window mechanism updates
decisions using only the most recent information, which fits the need for timely adjustment
in post-disaster settings.

Therefore, a sliding window mechanism is embedded into the game theory combina-
tion weighting process. Window partitioning and rolling updates keep weight estimation
focused on the current stage, reducing lag from early-stage information while preserving
the coordination advantage of combination weighting. The main idea is shown in Figure 2.

Figure 2. Schematic diagram of sliding-window weighting with a window length of 2 and a step size
of 2.

Step 3.2.1: Sliding window partition.

Let
{

Rk
}h

k=1
be the time-series evaluation data, where Rk is the comprehensive evalu-

ation matrix at decision stage tk, h is the total number of observations. Select a window
length L (the number of consecutive decision stages per window, with 1 < L ≤ h), and a
sliding step size S [50].

Define the p-th window Xp as:

Xp =
{

Rk|k = (p − 1)S + 1, . . . , (p − 1)S + L
}

(29)
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where p = 1, 2, . . . , h − L + 1 is the window index and Xp contains L consecutive decision
stages from k = p to k = p + L − 1.

Step 3.2.2: Compute single-method weights.

Apply the following four objective weighting methods independently to obtain a
weight vector for each criterion.

Let wEWM be the weight vector obtained by the entropy weight method, where wEWM
k
j

is the weight of criterion cj at decision stage tk. Similarly, wAnti−EWM, wCRITIC and wCV are
obtained by the anti-entropy weight method, the CRITIC method, and the coefficient of
variation method, respectively.

Step 3.2.3. Compute the combined criterion weights under each sliding window.

For each sliding window Xp, let w(p)
1 denote the weights from the entropy weight

method in window Xp, where w(p)
1,j is the weight of criterion cj. Analogously, w(p)

2 denotes

the weights from the anti-entropy weight method, w(p)
3 those from the CRITIC method,

and w(p)
4 those from the coefficient of variation method.

First, the four weight vectors obtained by the above methods are assembled within
each window to form the weight matrix W(p) for window Xp:

W(p) =
[
w(p)

1 , w(p)
2 , w(p)

3 , w(p)
4

]
(30)

where each column w(p)
o corresponds to method o.

Second, optimize the combination coefficients using the game theory combination
weighting method [56], and introduce the combination coefficient vector τ(p):

τ(p) =
[
τ
(p)
1 , τ

(p)
2 , τ

(p)
3 , τ

(p)
4

]T
(31)

where τ
(p)
o is the coefficient for method o in window p. Impose

4
∑

o=1
τ
(p)
o = 1 and τ

(p)
o ≥ 0.

Next, solve for the combination coefficients. The formula is given as follows:

min
τ(p)

4

∑
o=1

∥∥∥W(p)τ(p) − w(p)
o

∥∥∥2

2
(32)

where ∥ ∥2 denotes the Euclidean norm.
Then, normalize the combination coefficients τ(p) to obtain τ∗(p) so that the constraint

∑o τ
∗(p)
o = 1 is satisfied. The normalization is given as follows:

τ∗(p) =
τ(p)

∑h−L+1
p=1 τ(p)

(33)

Finally, using the following formula, the combined criterion weights under each
sliding window W can be obtained:

W = W(p)
combW(p)T

win = {w1, w2, . . . , wn} (34)

where W(p)
win denotes the weight vector corresponding to the p-th sliding window, and

W(p)
comb denotes the weight assigned to each sliding window when combining the results

across windows.

Step 3.3: Determine the four-reference-point comprehensive prospect value using sliding
window game theory weighting.
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Assuming that the four reference points have no priority and thus share equal weights,
the four-reference-point comprehensive prospect value Z can be expressed as:

Z =
Z1 + Z2 + Z3 + Z4

4
(35)

Let Zstage denote the prospect values of each emergency response scheme at each
decision stage:

Zstage = Zk
ijwj (36)

Finally, Z f inal is the final value of each emergency response scheme:

Z f inal = Zstage,k
i wstagek (37)

where wstage =
(

wstage1, wstage2, . . . , wstageh

)
denotes the weight of decision stages, satisfy-

ing wstagek ∈ [0, 1] and
h
∑

k=1
wstagek = 1.

To facilitate practical adoption, an operational workflow is provided to illustrate how
decision-makers can apply the proposed method in real emergency settings, as shown in
Figure 3.

 

Figure 3. Operational workflow for decision-makers to apply the proposed method.
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4. Illustrative Example
4.1. Case Background

From 18–20 August 2024, Huludao City in Liaoning Province experienced extreme
rainfall driven by a Northeast Cold Vortex, subtropical high-pressure, and moisture trans-
ported by Typhoon “Yunke”. The maximum rainfall during this event reached 540 mm,
with the maximum daily rainfall at 527.7 mm, both of which broke local meteorological
records. The maximum process rainfall, maximum daily rainfall, and maximum hourly
rainfall all set new records for Huludao. In some severely affected towns, the 12-h rainfall
exceeded the normal annual rainfall total for the area, and the comprehensive intensity was
rated as “extremely strong”, marking the most intense rainfall event since meteorological
records began in the region in 1951.

This heavy rainfall caused severe damage to Huludao City, especially in Jianchang
County and Suizhong County. A total of 188,757 people were affected and direct economic
losses reached RMB 10.3 billion. The specific damages include: transportation paralysis,
with 8 national and provincial highways and 210 rural roads damaged and interrupted to
varying degrees, and 187 bridges affected; power outages, with 40 power lines suspended
and 3560 transformer stations cut off, affecting 29 towns and 128,580 households; commu-
nication disruptions, with 6 municipal communication trunk lines damaged and 1301 fiber
optic connections in county, township, and village areas interrupted. After the disaster,
the central government attached great importance to the situation and swiftly dispatched
fire rescue teams and specialized rescue task forces to the scene, fully engaging in rescue
operations and efficiently completing the relocation and resettlement of affected residents.

For this major sudden disaster, a five-expert assessment group E = {e1, e2, e3, e4, e5}
was specially invited from different fields to comprehensively evaluate the various emer-
gency response schemes. The five experts include:

e1: An emergency rescue expert from the municipal government, responsible for
emergency command and resource deployment under government coordination.

e2: A senior rescuer from a social volunteer rescue organization in Shanghai, focusing
on volunteer mobilization and community support.

e3: A firefighter from a fire station in Shanghai, focusing on frontline rescue operations
and on-site response.

e4: A member of a Shanghai professional rapid response rescue team, focusing on
rapid deployment and intensive rescue execution.

e5: A professor from a university in Shanghai, specializing in decision analysis for
emergency response scheme selection in major sudden disasters.

The emergency decision-making group, consisting of these five experts, conducted a
systematic evaluation and analysis of the following four emergency response schemes
A = {a1, a2, a3, a4}. A brief introduction to the main features of each scheme is pro-
vided below:

a1: Deploy fire-and-flood teams into affected areas to rescue trapped and missing
persons; evacuate by rescue boats; dispatch medical teams for critical care; launch UAVs to
restore aerial communications; reinforce rivers and reservoirs and pump out water and silt;
strengthen epidemic prevention and monitor secondary biological hazards.

a2: Mobilize volunteer organizations for search-and-rescue and to locate missing
persons; airlift evacuees in small, repeated helicopter sorties; guide victims in self-rescue;
dispatch teams to repair communications and power infrastructure; have firefighters
dig emergency drainage channels, dewater and clear silt, inspect hazards, and manage
chemical-spill risks.

a3: Deploy PLA and Armed Police units for full-scale flood relief and rescue of missing
and trapped persons; airlift evacuees in small, repeated helicopter sorties; instruct residents
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in self-evacuation; field emergency communications vehicles to rebuild networks; send
rescue teams to expand drainage channels, repair and clear roads; rapidly reopen transport
routes to secure logistics.

a4: Send professional rapid-response teams to rescue trapped and missing persons;
evacuate by rescue vehicles; dispatch medical teams for on-site triage; deploy emergency
communications vehicles to reestablish contact; have firefighters reinforce riverbanks and
reservoirs, excavate diversion channels to relieve flooding; repair and clear roads; bolster
sanitation and epidemic-prevention measures.

These four schemes were finalized through discussion with the five experts. They
reflect the main operational challenges reported during the event, including damaged roads
and bridges, temporary isolation of some townships, and disruptions to power supply
and telecommunications. The schemes are differentiated along practical dimensions that
emergency managers typically consider: the leading rescue force and coordination mode,
evacuation and transport options under limited access, medical support arrangement,
communication restoration measures, and measures to reduce secondary risks through
drainage, road clearance, sanitation, and hazard control. These dimensions match the local
access constraints and response needs.

After deliberation, the expert panel partitioned the 72-h post-disaster evaluation
into three decision stages (t1, t2, t3) and resolved to assess the four candidate schemes
across six criteria (c1: Rescue effectiveness, c2: Operational convenience, c3: Rescue speed,
c4: Rescue cost, c5: Disaster resilience, c6: Social impact) for each decision stage. They then
constructed the corresponding interval-valued T-spherical fuzzy matrix R(eu) with q = 5.

4.2. Case Implementation

Stage 1: Express and obtain the comprehensive evaluation matrix using interval-valued
T-spherical fuzzy sets.
Step 1.1: Obtain the evaluation information of each decision-maker based on IVTSFS.

Five experts E = {e1, e2, e3, e4, e5} are invited to describe the evaluations of each
alternative under different stages and criteria within the IVTSFS framework. Based on these
assessments, the expert evaluation matrix Ru =

(
rk

iju

)
m×n

(i = 1, 2, 3, 4; j = 1, 2, 3, 4, 5, 6;

k = 1, 2, 3; u = 1, 2, 3, 4, 5) is constructed. The evaluation results of e1 are shown in Table A1.

Step 1.2: Obtain the comprehensive evaluation matrix by using aggregation operators.

Assuming all experts are equally important, i.e., λ1 = λ2 = λ3 = λ4 = λ5 = 0.2.
Compute the aggregated IVTSFS decision matrix R =

(
rk

ij

)
m×n

using

Equations (17) and (18), where m = 4 and n = 6. The aggregated results are reported in
Table A2.

Stage 2: Construct four-dimensional reference points.

The external reference point rk
j , the average development speed reference point

δk
j , and the ideal proximity reference point φk

ij are constructed in accordance with
Equations (19)–(24), respectively. The internal reference points, which serve as incentive
benchmarks to improve each scheme’s overall performance, are determined by combin-
ing each alternative’s characteristics with the decision makers’ expert judgments. These
internal reference points are listed in Table A3.

Stage 3: Establish a four-reference-point prospect theory evaluation model based on sliding
window game theory.
Step 3.1: Determine the comprehensive prospect value under four reference points.

Using prospect theory, compute the prospect value of each criterion for every emer-
gency response schemes in each decision stage under all four reference points, according to
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Equations (25)–(28). As there is no preference or priority among the reference points, they
are assigned equal weights. Among them, the prospect value matrix under the external
reference point, Z1 =

(
zk1

ij

)
m×n

, is shown in Table 4.

Table 4. Prospect Values under the External Reference Point.

Decision Stage Alternative
Criterion c1 c2 c3 c4 c5 c6

t1

a1 −0.634 −0.434 −0.328 −0.807 −0.688 −0.725
a2 −1.084 −0.423 −0.400 0.000 −1.257 −0.521
a3 0.000 −0.574 −0.024 −0.785 0.000 −0.242
a4 −0.044 0.000 0.000 −0.621 −0.050 0.000

t2

a1 −0.949 −0.688 −0.432 −0.509 −1.100 −1.091
a2 −1.452 −0.710 −0.785 0.000 −1.865 −0.914
a3 0.000 −1.029 −0.252 −0.522 −0.374 −0.576
a4 −0.092 0.000 0.000 −0.172 0.000 0.000

t3

a1 −1.059 −0.949 −0.730 −0.518 −1.177 −1.188
a2 −1.806 −1.063 −1.293 −0.325 −2.273 −1.098
a3 −0.207 −1.347 −0.555 −0.562 −0.452 −0.736
a4 0.000 0.000 0.000 0.000 0.000 0.000

Step 3.2: Derive game-theoretic weighting results based on sliding window theory.
Step 3.2.1: Sliding window partition.

To describe the continuous evolution of post-disaster emergency response, a sliding
window mechanism is introduced in the case analysis. According to Equation (29), the 72-h
response period is partitioned in a rolling manner. The window length is set to L = 2, and
the step size is set to S = 1. Each window covers two adjacent evaluation stages and then
moves forward by one stage.

With three consecutive stages t1, t2, and t3, two overlapping windows are obtained:
X1 = {t1, t2} and X2 = {t2, t3}. In this design, t2 is included in both windows as the
linking stage. This preserves stage continuity and enables rolling updates of evaluation
information. It also helps subsequent calculations respond more sensitively to disaster
evolution and shifting decision priorities.

Step 3.2.2: Compute single-method weights.

The criterion weights are computed using the entropy weight method, the anti-entropy
weight method, the CRITIC method, and the coefficient of variation method. The results
are shown in Table 5.

Table 5. Weights of Criteria obtained by various methods.

c1 c2 c3 c4 c5 c6

wEWM 0.1434 0.1886 0.1602 0.1870 0.1364 0.1845
wAnti-EWM 0.1406 0.2016 0.1520 0.1886 0.1361 0.1811

wCRITIC 0.1543 0.1570 0.1259 0.3098 0.1440 0.1090
wCV 0.1458 0.1917 0.1576 0.1853 0.1402 0.1793

Step 3.2.3. Compute the combined criterion weights under each sliding window.

Based on the criterion weights obtained from the entropy weight method, the
anti-entropy weight method, the CRITIC method, and the coefficient of variation
method, sliding-window game theory combination weighting is performed according
to Equations (30)–(34). This yields the weight vectors W(1)

win and W(2)
win for windows
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X1 = {t1, t2} and X2 = {t2, t3}, respectively. The overlapping part is then handled
separately. Specifically, the two weight results for evaluation stage t2 from X1 = {t1, t2}
and X2 = {t2, t3} are combined to obtain the final stage–criterion weight matrix W.

According to the Golden 72-h Principle, the earlier window X1 is given greater im-
portance than X2. Here we assume weights 0.6 for X1 and 0.4 for X2. This setting opera-
tionalizes the short-term and long-term trade-off by prioritizing the time-critical life-saving
window. The final criterion weight vector W is then computed by aggregating the window-
level combined weights using these stage weights. The resulting weights are reported in
Table 6.

Table 6. Weights of Criteria.

Alternative
Criterion c1 c2 c3 c4 c5 c6

t1 0.1404 0.1883 0.1644 0.2249 0.1384 0.1436
t2 0.1565 0.1753 0.1370 0.2132 0.1427 0.1752
t3 0.1443 0.1899 0.1279 0.2064 0.1359 0.1955

The stage-dependent weights show a clear shift in priorities. Rescue Speed c3 becomes
less important as the response moves from t1 to t3, dropping from 0.1644 to 0.1279. In con-
trast, Social Impact c6 gains importance over the same period, rising from 0.1436 to 0.1955.
This pattern matches the transition from time-critical rescue to later-stage stabilization and
recovery needs.

Step 3.3: Determine the four-reference-point comprehensive prospect value using sliding
window game theory weighting.

First, the four reference points are assumed to have equal weights. The prospect value
matrices Z1 =

(
zk1

ij

)
m×n

, Z2 =
(

zk2
ij

)
m×n

, Z3 =
(

zk3
ij

)
m×n

and Z4 =
(

zk4
ij

)
m×n

are then

combined using Equation (35). This yields the four-reference-point comprehensive prospect
value. The results are shown in Table 7.

Table 7. Aggregated Prospect Values.

Decision Stage Alternative
Criterion c1 c2 c3 c4 c5 c6

t1

a1 −0.265 −0.110 −0.146 −0.238 −0.156 −0.231
a2 −0.378 −0.175 −0.256 −0.529 −0.503 −0.151
a3 −0.242 −0.153 0.026 −0.232 0.051 0.003
a4 −0.596 −0.201 −0.462 −0.311 −0.593 −0.354

t2

a1 −0.193 −0.111 −0.028 −0.133 −0.179 −0.239
a2 −0.481 −0.278 −0.371 −0.469 −0.799 −0.352
a3 0.154 −0.258 0.057 −0.139 0.040 −0.132
a4 −0.607 −0.341 −0.615 −0.291 −0.548 −0.551

t3

a1 −0.451 −0.841 −0.078 −0.154 −0.481 −0.263
a2 −0.459 −0.282 −0.258 −0.466 −0.924 −0.465
a3 0.150 −0.297 −0.031 −0.134 0.074 −0.075
a4 −0.318 −0.466 −0.468 −0.343 −0.189 −0.299

Next, Equation (36) is applied together with the obtained criterion weights w =

{w1, w2, . . . , wn} to compute the prospect values Zstage of each alternative at each evaluation
stage. The results are shown in Table 8.

https://doi.org/10.3390/su18062793

https://doi.org/10.3390/su18062793


Sustainability 2026, 18, 2793 22 of 32

Table 8. Prospect Values of each Alternative at each Decision Stage.

Decision Stage Criterion Prospect Values

t1

a1 −0.190
a2 −0.338
a3 −0.103
a4 −0.400

t2

a1 −0.149
a2 −0.451
a3 −0.060
a4 −0.476

t3

a1 −0.383
a2 −0.465
a3 −0.071
a4 −0.349

Finally, the overall prospect values for each of the four schemes Z f inal are com-
puted according to Equation (37). z f inal

1 = −0.217, z f inal
2 = −0.398, z f inal

3 = −0.084

and z f inal
4 = −0.413. The results indicate that z f inal

3 > z f inal
1 > z f inal

2 > z f inal
4 . Therefore,

based on the comprehensive prospect values of each scheme, a3 is the optimal choice.

4.3. Sensitivity Analysis

To ensure the stability of the approach, sensitivity tests were conducted separately
on the boundary threshold x used in Equation (28) for the ideal proximity reference point.
The baseline setting is x = 0.88, and x was varied over a wider range to reflect different
boundary thresholds, specifically {0.10, 0.20, 0.30, 0.40, 0.50, 0.60, 0.70, 0.80, 0.90 and 1.00}.
For each x, all other model settings were kept unchanged, and the prospect values and the
resulting rankings were recomputed. The corresponding ranking outcomes are illustrated
in Figure 4.

Figure 4 summarizes the ranking results under different settings of the boundary
threshold x. The results are highly consistent in terms of the best decision. In every tested
case, scheme a3 remains the top-ranked option, indicating that the proposed method is
robust to the choice of the gain–loss boundary in the ideal proximity evaluation. Changes in
x mainly affect the ordering of the lower-ranked alternatives. When x is in the range from
1.0 down to 0.7, the ranking is z f inal

3 > z f inal
1 > z f inal

2 > z f inal
4 . When x ≤ 0.6, the ranking

becomes z f inal
3 > z f inal

1 > z f inal
4 > z f inal

2 . This shift suggests that the boundary threshold
influences the relative positions of a2 and a4, while it does not alter the best scheme.

Overall, the sensitivity analysis confirms the stability of the proposed framework
under different threshold settings. This robustness is important in major sudden disasters,
where evaluation information is often uncertain and subject to small fluctuations. A stable
best scheme helps avoid unnecessary plan switching and supports steady implementation
under time pressure. It also reduces the need for repeated parameter tuning, lowering
decision-makers’ workload and allowing rescue teams to focus on execution rather than
adjusting model settings.

4.4. Comparative Analysis
4.4.1. Comparison Across Methods Differing in the Number of Reference Points

From the perspective of reference-point selection and quantity, this study compares
the rankings of four emergency response plans for sudden flood events produced by:
the dual-reference-point method, the tri-reference-point method, a four-reference-point
method based on learning-based average growth capability, and the four-reference-point
sliding-window game-theoretic method proposed here, which adopts “ideal proximity”
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as the fourth reference point. Table 9 summarizes the ranking results obtained from these
four approaches.

Figure 4. Ranking of alternative schemes under different boundary threshold x values.

Table 9. Reference Point Selection and Rankings.

Reference Points Ranking Results

Dual Reference Points z f inal
3 > z f inal

4 > z f inal
1 > z f inal

2
Triple Reference Points z f inal

4 > z f inal
3 > z f inal

1 > z f inal
2

Four Reference Points (Learning-Based
Average Growth Capability) z f inal

4 > z f inal
3 > z f inal

1 > z f inal
2

Four Reference Points (Ideal Proximity) z f inal
3 > z f inal

1 > z f inal
2 > z f inal

4

The results show substantial differences in ranking outcomes and plan superiority
identification across these methods. In selecting the optimal alternative, both the pro-
posed method and the dual-reference-point method identified alternative a3 as optimal.
In contrast, the tri-reference-point method and the four-reference-point method based on
learning-based average growth capability determined alternative a4 to be optimal. Addi-
tionally, a divergence exists between the proposed method and the dual-reference-point
method regarding the second-best alternative: the proposed method selects a1, whereas
the dual-reference-point method selects a4. Analysis based on the practical case reveals the
following primary reasons for these differences:
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1. Both the tri-reference-point method and the four-reference-point method based on

learning-based average growth capability produce the ranking z f inal
4 > z f inal

3 >

z f inal
1 > z f inal

2 , whereas our method yields z f inal
3 > z f inal

1 > z f inal
2 > z f inal

4 . All
three methods consistently position a3 ahead on “rescue effectiveness”, “convenience
level”, and “rescue speed”, indicating that plan a3—led by the People’s Liberation
Army and Armed Police—exhibits clear advantages in rapid mobilization, small-batch
helicopter evacuation, temporary communication-platform construction, road clear-
ance, and logistics restoration, thereby forming an integrated “emergency response–
sustained support–logistical assurance” system. Compared to the other methods, our
approach not only accurately captures a3’s leading performance on these indicators
but also reflects its overall superiority in “disaster-resilience level” and “social impact.”
Consequently, a3 is ranked highest, demonstrating our method’s precise ability to
recognize the systemic advantages inherent in a state-led response mechanism.

2. A direct comparison of final prospect values shows that, according to our method,
a1 outperforms a4 on “rescue effectiveness”, “rescue speed”, and “disaster-resilience
level”. Specifically, a1 centers on firefighting and flood-control personnel, employs
rescue boats for unified evacuation of trapped individuals, and integrates UAV-based
aerial communication recovery, biological-hazard monitoring, epidemic prevention
measures, and pumping/sediment removal. This yields a clear, tightly coordinated
rescue model especially suited for areas where roads are impassable and waterways
are severely obstructed. In contrast, a4 relies on a professional rapid-response team
for swift search and rescue but depends heavily on road access and heavy equipment,
which may prove limiting under extreme conditions. Thus, a1 should be prioritized
over a4 as the more appropriate suboptimal option. Our method’s comprehensive
judgment of resource alignment and operational feasibility demonstrates greater
advantage in distinguishing between these plans.

4.4.2. Comparison with Different Evaluation Methods

From the standpoint of evaluation-method selection, this study compares the ranking
of four emergency response schemes produced by the Entropy-weighted TOPSIS method,
the improved VIKOR method, and the four-reference-point emergency decision-making
method based on sliding window game theory. Table 10 summarizes the ranking results
obtained from these evaluation methods.

Table 10. Evaluation Method Selection and Rankings.

Evaluation Method Ranking Results

Entropy-weighted TOPSIS Method z f inal
4 > z f inal

3 > z f inal
2 > z f inal

1
Improved VIKOR Method z f inal

4 > z f inal
3 > z f inal

2 > z f inal
1

Four-Reference-Point Sliding Window
Game Method z f inal

3 > z f inal
1 > z f inal

2 > z f inal
4

The Entropy-weighted TOPSIS and improved VIKOR methods both produced the
ordering z f inal

4 > z f inal
3 > z f inal

2 > z f inal
1 , which differs from the conclusion obtained using

the method proposed herein. The nature of this difference—specifically concerning the
relative priorities of a1 and a4 as well as the top ranking of a3—has already been explained
in the previous comparative analysis, thereby validating the reasonableness of our method’s
conclusions. A further divergence is that the Entropy-weighted TOPSIS and improved
VIKOR approaches both regard a1 as the lowest-priority option, whereas our method
identifies a1 as the second-highest priority. The reasons derived from a combination of case
studies are as follows:
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1. With respect to weight allocation, both the Entropy-weighted TOPSIS and improved
VIKOR methods treat “convenience level” and “rescue cost” as the most important
criteria; by contrast, our method places “rescue effectiveness” as the primary con-
sideration (weight = 0.456), followed sequentially by “disaster-resilience level” and
“social impact.” This ordering more closely aligns with the fundamental “life-first”
principle in emergency management and the practical priorities of field rescue. Rescue
effectiveness directly affects the life safety of disaster-affected populations and is a
core indicator for distinguishing between plans; rapid, efficient search-and-rescue
and medical treatment within the Golden 72-h window are critical to minimizing
casualties. Although disaster-resilience level does not directly reflect instantaneous
rescue success, it contributes to risk reduction and overall response efficiency; so-
cial impact influences public trust, information dissemination, and societal stability,
and strong performance in this dimension enhances cooperation and reduces panic,
thereby creating a favorable environment for subsequent relief and recovery.

2. Regarding the priority of plan a1, our method asserts that a1 significantly outperforms
a2 in both “rescue effectiveness” and “post-disaster resilience.” Plan a1 is centered on
professional firefighting and flood-control personnel, who use rescue vessels for uni-
fied evacuation, coordinated with medical teams for timely treatment and unmanned
aerial vehicles (UAVs) to establish communication platforms, thereby forming a closed
loop from search-and-rescue through information support. Simultaneously, river-dike
reinforcement and pumping/sediment removal proceed in parallel, with enhanced
epidemic-prevention monitoring to rapidly restore drainage capacity and suppress
secondary hazards. Consequently, a1 demonstrates stronger overall performance than
a2. Moreover, by employing boats for batch transport and UAVs for real-time com-
munication, a1 greatly improves rescue convenience and speed, whereas a2 must first
mobilize volunteers and then rely on multiple helicopter sorties, resulting in looser
organization and greater time consumption. From a cost perspective, most of a1’s
required vessels, UAVs, and medical teams are government-held resources with man-
ageable marginal investment, whereas a2’s volunteer equipment must be procured
or rented ad hoc, and helicopter flight costs are high; additionally, lacking hydraulic
reinforcement, a2 incurs greater subsequent rescue risks and expenditures. In terms of
social impact, the professional, transparent government-led rescue under a1 is more
effective at stabilizing public sentiment, whereas any coordination failure or casualty
incident under a2 could engender negative public opinion—critiques of “insufficient
volunteer capability, low efficiency, and high cost.” In summary, our method’s ap-
proach to weight allocation, plan identification, and ranking justification is more
practicable and reasonable, better matching the demands of real-world application.

5. Conclusions
5.1. Research Summary

This study presents a sustainability-oriented, dynamic evaluation framework that
integrates interval-valued T-spherical fuzzy sets, a four-reference-point mechanism, and
sliding-window game-theoretic combination weighting to support selection of emergency
response schemes for major sudden disasters.

First, interval-valued T-spherical fuzzy numbers are adopted as the linguistic terms
for expert evaluation, allowing experts to express judgments as intervals and thereby better
capture the inherent fuzziness of decision data.

Second, to address the highly dynamic nature of post-disaster decision making, the
framework introduces an ideal proximity reference point as the fourth benchmark, form-
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ing a four-reference-point system that more comprehensively and dynamically evaluates
alternatives.

Third, a sliding-window mechanism is embedded into the game-theoretic combina-
tion weighting process. Respecting the urgency of emergency response, the critical 72-h
post-disaster period is partitioned into three time windows, and criterion weights are
adapted within each stage. This design reflects the staged, time-sensitive character of
emergency decisions and yields more accurate, stage-specific importance measures. Using
the established four-reference-point framework and the stage-specific dynamic weights,
prospect theory is then applied to perform a comprehensive evaluation of the alternatives,
ultimately identifying the optimal decision.

Finally, the method is validated through a case study of the “8.20 Huludao extreme
rainfall event.” Five experts from different fields were invited to apply the proposed method
in evaluating the emergency response schemes. The results closely aligned with real-world
conditions, strongly demonstrating the method’s feasibility and practical applicability.
Comparative analyses with existing methods—both those involving other numbers of
reference points and alternative emergency decision-making approaches—further show
that the proposed method better accommodates the complex and dynamic evaluation
environment of post-disaster decision-making, thereby confirming its superiority.

From a sustainability perspective, the framework supports better use of scarce re-
sources across stages and helps avoid both under-response and over-response. The four-
reference-point evaluation grounds plan assessment in four benchmarks: the best achieved
performance under the scenario, internally feasible expectations, the stage-wise develop-
ment speed, and proximity to the ideal target. Together, these benchmarks encourage
actions that are realistic for the current stage and oriented toward resilient recovery rather
than short-term fixes. In addition, sliding-window dynamic weighting updates criterion
importance as conditions change. This supports allocating scarce resources in a way that
can change across stages, instead of keeping one fixed set of priorities throughout the re-
sponse. In the case study, rescue cost stays the most important criterion, while the weight of
rescue speed decreases and social impact increases as the response progresses. This matches
the shift from urgent rescue to stabilization and recovery, and it helps limit redundant
mobilization and avoidable waste. The reference points and prospect values make the basis
for each ranking explicit. The sensitivity analysis on the gain loss threshold also shows
that the best scheme does not change across the tested settings, which reduces unnecessary
plan switching. Overall, these implications align with UN Sustainable Development goals,
particularly Goal 11 by supporting disaster-risk-informed planning and resilient recovery
for sustainable cities and communities.

5.2. Future Research Directions

Before presenting future research directions, several limitations of the current study
should be acknowledged. First, the proposed framework is validated through a single case
study, and additional cases are needed to further examine its generalizability. Second, the
method relies on expert inputs to construct stage-wise evaluations and reference points,
whereas qualified experts may not always be available in real emergencies. Third, the
computation involves multiple steps, which may be difficult to conduct in real time without
dedicated decision-support tools. Finally, cultural and institutional contexts may affect
the interpretation of criteria and the applicability of response modes, which should be
considered when transferring the method to other settings.

In future research, this study intends to further deepen and expand along the following
four directions:
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1. Optimization of fuzzy linguistic terms: Further exploration and refinement of fuzzy
linguistic descriptors that are better suited to the context of major sudden disas-
ter emergency decision-making will be conducted. The aim is to enhance their
expressive power and computational efficiency, thereby enabling a more accurate
and efficient representation of the pervasive uncertainty in emergency decision-
making environments.

2. Refined design of reference points: Building upon the dynamically evolving char-
acteristics of post-disaster environments, future work will explore the construction
of multidimensional reference points. The goal is to identify novel forms of refer-
ence point representation that can more effectively assess the actual performance of
alternative emergency plans in complex, rapidly changing disaster scenarios.

3. Extension and enhancement of the game theory combination weighting method: Fur-
ther research will focus on advancing the current game theory combination weighting
approach. Particular attention will be given to incorporating new ideas for dynamic
weighting, improving the sliding-window-based mechanism, and developing more
effective window segmentation strategies and dynamic weight updating rules to
better adapt to the real-time nature of decision-making environments.

4. Multi-hazard scenario validation and application: While this study uses urban rain-
storm response as the primary application scenario, future research will extend the
proposed methodology to other types of major sudden disasters, such as earthquakes,
wildfires, and floods. Through comparative experiments across multiple scenarios and
real-world case analyses, the generalizability and practical utility of the model will
be tested. Additionally, integration with post-disaster empirical data will help con-
tinuously refine and calibrate the evaluation process, thereby promoting the efficient
transformation of theoretical research into practical decision-making tools.
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Abbreviations

IVTSFS Interval-valued T-spherical fuzzy set
CRITIC Criteria importance through intercriteria correlation
FS Fuzzy set
IFS Intuitionistic fuzzy set
PyFS Pythagorean fuzzy set
q-ROFS Q-rung orthopair fuzzy set
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PHFS Probabilistic hesitant fuzzy sets
SFS Spherical fuzzy set
TSFS T-spherical fuzzy set
PLA People’s Liberation Army of China
TOPSIS Technique for Order Preference by Similarity to an Ideal Solution
VIKOR VlseKriterijumska Optimizacija I Kompromisno Resenje
UAVs Unmanned aerial vehicles

Appendix A

Table A1. Expert e1′s IVTSFS Evaluation Information Matrix.

c1 c2 c3 c4 c5 c6

t1

a1

([0.54, 0.65],
[0.17, 0.26],
[0.13, 0.24])

([0.43, 0.54],
[0.25, 0.36],
[0.22, 0.32])

([0.59, 0.68],
[0.21, 0.30],
[0.17, 0.26])

([0.29, 0.40],
[0.35, 0.45],
[0.43, 0.53])

([0.63, 0.72],
[0.18, 0.27],
[0.14, 0.23])

([0.57, 0.68],
[0.23, 0.32],
[0.19, 0.28])

a2

([0.48, 0.59],
[0.22, 0.33],
[0.18, 0.27])

([0.52, 0.62],
[0.20, 0.30],
[0.16, 0.25])

([0.53, 0.64],
[0.23, 0.33],
[0.19, 0.28])

([0.61, 0.71],
[0.21, 0.30],
[0.17, 0.26])

([0.54, 0.64],
[0.23, 0.32],
[0.19, 0.28])

([0.64, 0.74],
[0.19, 0.28],
[0.15, 0.24])

a3

([0.73, 0.84],
[0.13, 0.22],
[0.08, 0.17])

([0.44, 0.55],
[0.29, 0.39],
[0.25, 0.35])

([0.68, 0.78],
[0.18, 0.27],
[0.14, 0.23])

([0.26, 0.37],
[0.42, 0.52],
[0.51, 0.61])

([0.77, 0.87],
[0.11, 0.19],
[0.06, 0.14])

([0.74, 0.84],
[0.14, 0.23],
[0.09, 0.18])

a4

([0.62, 0.73],
[0.18, 0.27],
[0.13, 0.22])

([0.57, 0.67],
[0.23, 0.33],
[0.19, 0.28])

([0.54, 0.64],
[0.24, 0.34],
[0.19, 0.28])

([0.44, 0.54],
[0.30, 0.40],
[0.35, 0.45])

([0.67, 0.77],
[0.18, 0.27],
[0.14, 0.23])

([0.68, 0.78],
[0.18, 0.27],
[0.14, 0.23])

t2

a1

([0.68, 0.77],
[0.12, 0.21],
[0.09, 0.17])

([0.58, 0.67],
[0.20, 0.29],
[0.15, 0.24])

([0.73, 0.82],
[0.16, 0.24],
[0.12, 0.20])

([0.34, 0.45],
[0.30, 0.40],
[0.39, 0.49])

([0.74, 0.83],
[0.13, 0.21],
[0.09, 0.16])

([0.67, 0.76],
[0.18, 0.27],
[0.14, 0.22])

a2

([0.64, 0.73],
[0.17, 0.25],
[0.11, 0.20])

([0.63, 0.73],
[0.15, 0.24],
[0.11, 0.19])

([0.67, 0.77],
[0.18, 0.26],
[0.14, 0.22])

([0.56, 0.66],
[0.25, 0.35],
[0.21, 0.31])

([0.65, 0.74],
[0.18, 0.27],
[0.13, 0.21])

([0.72, 0.82],
[0.14, 0.22],
[0.10, 0.18])

a3

([0.83, 0.92],
[0.09, 0.17],
[0.03, 0.11])

([0.54, 0.64],
[0.24, 0.33],
[0.20, 0.29])

([0.77, 0.87],
[0.13, 0.21],
[0.09, 0.17])

([0.31, 0.42],
[0.37, 0.47],
[0.46, 0.56])

([0.84, 0.93],
[0.07, 0.15],
[0.03, 0.09])

([0.82, 0.91],
[0.11, 0.19],
[0.04, 0.12])

a4

([0.72, 0.82],
[0.13, 0.22],
[0.08, 0.16])

([0.68, 0.77],
[0.18, 0.27],
[0.14, 0.22])

([0.67, 0.77],
[0.19, 0.28],
[0.14, 0.22])

([0.48, 0.58],
[0.25, 0.35],
[0.30, 0.40])

([0.77, 0.87],
[0.13, 0.21],
[0.09, 0.16])

([0.77, 0.87],
[0.13, 0.21],
[0.09, 0.16])

t3

a1

([0.78, 0.87],
[0.08, 0.16],
[0.04, 0.11])

([0.64, 0.73],
[0.15, 0.24],
[0.10, 0.18])

([0.80, 0.89],
[0.11, 0.19],
[0.07, 0.14])

([0.42, 0.53],
[0.26, 0.35],
[0.33, 0.42])

([0.82, 0.92],
[0.10, 0.18],
[0.03, 0.10])

([0.77, 0.86],
[0.13, 0.21],
[0.09, 0.15])

a2

([0.72, 0.83],
[0.12, 0.21],
[0.06, 0.14])

([0.68, 0.77],
[0.11, 0.19],
[0.07, 0.14])

([0.74, 0.84],
[0.13, 0.21],
[0.09, 0.16])

([0.49, 0.59],
[0.30, 0.40],
[0.26, 0.36])

([0.73, 0.83],
[0.13, 0.21],
[0.08, 0.15])

([0.79, 0.88],
[0.10, 0.18],
[0.05, 0.12])

a3

([0.88, 0.97],
[0.05, 0.13],
[0.01, 0.07])

([0.63, 0.73],
[0.19, 0.28],
[0.15, 0.24])

([0.84, 0.93],
[0.08, 0.16],
[0.04, 0.12])

([0.38, 0.49],
[0.31, 0.41],
[0.41, 0.51])

([0.89, 0.98],
[0.03, 0.11],
[0.01, 0.05])

([0.87, 0.96],
[0.06, 0.14],
[0.02, 0.08])

a4

([0.83, 0.93],
[0.08, 0.16],
[0.03, 0.10])

([0.74, 0.83],
[0.13, 0.21],
[0.09, 0.16])

([0.78, 0.87],
[0.14, 0.22],
[0.09, 0.16])

([0.53, 0.63],
[0.20, 0.30],
[0.25, 0.35])

([0.85, 0.94],
[0.08, 0.15],
[0.03, 0.09])

([0.84, 0.93],
[0.08, 0.15],
[0.04, 0.11])
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Table A2. IVTSFS Comprehensive Evaluation Matrix.

c1 c2 c3 c4 c5 c6

t1

a1

([0.63, 0.73],
[0.17, 0.26],
[0.12, 0.21])

([0.50, 0.60],
[0.24, 0.34],
[0.20, 0.30])

([0.59, 0.69],
[0.20, 0.30],
[0.15, 0.25])

([0.33, 0.43],
[0.35, 0.45],
[0.41, 0.51])

([0.67, 0.76],
[0.17, 0.25],
[0.12, 0.21])

([0.60, 0.71],
[0.22, 0.31],
[0.17, 0.26])

a2

([0.50, 0.61],
[0.23, 0.33],
[0.18, 0.28])

([0.51, 0.60],
[0.25, 0.35],
[0.20, 0.30])

([0.58, 0.68],
[0.22, 0.31],
[0.17, 0.26])

([0.65, 0.75],
[0.18, 0.27],
[0.13, 0.22])

([0.53, 0.63],
[0.25, 0.34],
[0.20, 0.30])

([0.64, 0.74],
[0.20, 0.29],
[0.15, 0.24])

a3

([0.71, 0.81],
[0.14, 0.22],
[0.09, 0.17])

([0.41, 0.52],
[0.29, 0.39],
[0.27, 0.37])

([0.64, 0.74],
[0.19, 0.28],
[0.14, 0.23])

([0.26, 0.36],
[0.39, 0.49],
[0.50, 0.60])

([0.74, 0.84],
[0.13, 0.21],
[0.08, 0.16])

([0.68, 0.78],
[0.18, 0.27],
[0.13, 0.22])

a4

([0.71, 0.81],
[0.15, 0.24],
[0.10, 0.19])

([0.61, 0.71],
[0.20, 0.29],
[0.15, 0.24])

([0.64, 0.75],
[0.20, 0.29],
[0.15, 0.23])

([0.51, 0.61],
[0.25, 0.35],
[0.30, 0.41])

([0.73, 0.84],
[0.14, 0.23],
[0.09, 0.17])

([0.71, 0.81],
[0.17, 0.26],
[0.12, 0.21])

t2

a1

([0.72, 0.81],
[0.12, 0.21],
[0.08, 0.16])

([0.61, 0.71],
[0.19, 0.28],
[0.14, 0.23])

([0.73, 0.83],
[0.15, 0.23],
[0.10, 0.18])

([0.38, 0.49],
[0.29, 0.40],
[0.36, 0.46])

([0.75, 0.85],
[0.12, 0.20],
[0.07, 0.14])

([0.71, 0.81],
[0.17, 0.25],
[0.12, 0.20])

a2

([0.64, 0.73],
[0.18, 0.27],
[0.13, 0.22])

([0.61, 0.71],
[0.19, 0.29],
[0.15, 0.24])

([0.69, 0.79],
[0.17, 0.25],
[0.12, 0.20])

([0.59, 0.69],
[0.23, 0.33],
[0.18, 0.28])

([0.64, 0.74],
[0.20, 0.29],
[0.15, 0.23])

([0.73, 0.83],
[0.15, 0.23],
[0.10, 0.18])

a3

([0.80, 0.90],
[0.10, 0.18],
[0.05, 0.13])

([0.51, 0.61],
[0.24, 0.34],
[0.21, 0.31])

([0.75, 0.85],
[0.14, 0.22],
[0.09, 0.17])

([0.32, 0.42],
[0.34, 0.44],
[0.45, 0.55])

([0.82, 0.92],
[0.09, 0.17],
[0.04, 0.10])

([0.77, 0.87],
[0.13, 0.21],
[0.08, 0.16])

a4

([0.79, 0.90],
[0.11, 0.19],
[0.06, 0.13])

([0.71, 0.81],
[0.15, 0.23],
[0.10, 0.18])

([0.76, 0.87],
[0.15, 0.23],
[0.08, 0.16])

([0.56, 0.65],
[0.20, 0.29],
[0.25, 0.36])

([0.82, 0.94],
[0.09, 0.18],
[0.04, 0.11])

([0.80, 0.91],
[0.12, 0.20],
[0.07, 0.14])

t3

a1

([0.80, 0.90],
[0.08, 0.16],
[0.04, 0.10])

([0.68, 0.78],
[0.14, 0.22],
[0.09, 0.17])

([0.81, 0.91],
[0.09, 0.17],
[0.04, 0.10])

([0.45, 0.55],
[0.25, 0.35],
[0.30, 0.40])

([0.83, 0.93],
[0.08, 0.16],
[0.03, 0.09])

([0.79, 0.89],
[0.12, 0.20],
[0.07, 0.14])

a2

([0.72, 0.82],
[0.13, 0.22],
[0.08, 0.16])

([0.67, 0.76],
[0.15, 0.30],
[0.10, 0.19])

([0.76, 0.86],
[0.12, 0.20],
[0.07, 0.15])

([0.53, 0.63],
[0.28, 0.38],
[0.23, 0.33])

([0.72, 0.82],
[0.15, 0.23],
[0.10, 0.17])

([0.80, 0.90],
[0.11, 0.19],
[0.06, 0.13])

a3

([0.86, 0.95],
[0.06, 0.14],
[0.02, 0.07])

([0.61, 0.71],
[0.19, 0.28],
[0.16, 0.26])

([0.82, 0.92],
[0.09, 0.17],
[0.04, 0.10])

([0.39, 0.49],
[0.29, 0.39],
[0.40, 0.50])

([0.88, 0.98],
[0.05, 0.13],
[0.01, 0.05])

([0.83, 0.93],
[0.08, 0.16],
[0.03, 0.10])

a4

([0.86, 0.97],
[0.06, 0.15],
[0.00, 0.08])

([0.78, 0.88],
[0.10, 0.18],
[0.05, 0.12])

([0.84, 0.96],
[0.09, 0.18],
[0.00, 0.10])

([0.60, 0.70],
[0.15, 0.24],
[0.20, 0.30])

([0.88, 1.00],
[0.05, 0.13],
[0.00, 0.06])

([0.87, 0.97],
[0.06, 0.14],
[0.00, 0.07])

Table A3. The internal reference point matrix.

c1 c2 c3 c4 c5 c6

t1

a1

([0.58, 0.68],
[0.22, 0.32],
[0.18, 0.28])

([0.45, 0.55],
[0.30, 0.40],
[0.25, 0.35])

([0.55, 0.65],
[0.25, 0.35],
[0.20, 0.30])

([0.30, 0.40],
[0.35, 0.45],
[0.45, 0.55])

([0.65, 0.75],
[0.20, 0.30],
[0.15, 0.25])

([0.60, 0.70],
[0.25, 0.35],
[0.20, 0.30])

a2

([0.50, 0.60],
[0.28, 0.38],
[0.23, 0.33])

([0.40, 0.50],
[0.35, 0.45],
[0.30, 0.40])

([0.48, 0.58],
[0.30, 0.40],
[0.25, 0.35])

([0.70, 0.80],
[0.15, 0.25],
[0.10, 0.20])

([0.55, 0.65],
[0.30, 0.40],
[0.25, 0.35])

([0.65, 0.75],
[0.25, 0.35],
[0.20, 0.30])

a3

([0.75, 0.85],
[0.15, 0.25],
[0.10, 0.20])

([0.40, 0.50],
[0.30, 0.40],
[0.28, 0.38])

([0.65, 0.75],
[0.18, 0.27],
[0.13, 0.22])

([0.25, 0.35],
[0.40, 0.50],
[0.50, 0.60])

([0.75, 0.85],
[0.12, 0.20],
[0.07, 0.15])

([0.68, 0.78],
[0.18, 0.27],
[0.13, 0.22])

a4

([0.78, 0.88],
[0.12, 0.20],
[0.07, 0.15])

([0.65, 0.75],
[0.18, 0.27],
[0.13, 0.22])

([0.72, 0.82],
[0.15, 0.23],
[0.10, 0.18])

([0.55, 0.65],
[0.22, 0.31],
[0.28, 0.38])

([0.80, 0.90],
[0.10, 0.18],
[0.05, 0.12])

([0.75, 0.85],
[0.15, 0.23],
[0.10, 0.18])
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Table A3. Cont.

c1 c2 c3 c4 c5 c6

t2

a1

([0.70, 0.80],
[0.15, 0.25],
[0.10, 0.20])

([0.60, 0.70],
[0.20, 0.30],
[0.15, 0.25])

([0.72, 0.82],
[0.18, 0.26],
[0.12, 0.20])

([0.35, 0.45],
[0.30, 0.40],
[0.40, 0.50])

([0.75, 0.85],
[0.15, 0.25],
[0.10, 0.20])

([0.70, 0.80],
[0.18, 0.28],
[0.15, 0.25])

a2

([0.65, 0.75],
[0.20, 0.30],
[0.15, 0.25])

([0.55, 0.65],
[0.25, 0.35],
[0.20, 0.30])

([0.62, 0.72],
[0.22, 0.32],
[0.18, 0.28])

([0.65, 0.75],
[0.20, 0.30],
[0.15, 0.25])

([0.68, 0.78],
[0.22, 0.32],
[0.18, 0.28])

([0.75, 0.85],
[0.18, 0.28],
[0.15, 0.25])

a3

([0.80, 0.90],
[0.10, 0.20],
[0.05, 0.15])

([0.50, 0.60],
[0.25, 0.35],
[0.22, 0.32])

([0.75, 0.85],
[0.13, 0.21],
[0.08, 0.16])

([0.30, 0.40],
[0.35, 0.45],
[0.45, 0.55])

([0.82, 0.92],
[0.08, 0.16],
[0.03, 0.09])

([0.75, 0.85],
[0.13, 0.21],
[0.08, 0.16])

a4

([0.85, 0.95],
[0.08, 0.16],
[0.03, 0.09])

([0.75, 0.85],
[0.13, 0.21],
[0.08, 0.16])

([0.83, 0.93],
[0.10, 0.18],
[0.04, 0.10])

([0.60, 0.70],
[0.17, 0.25],
[0.23, 0.33])

([0.88, 0.98],
[0.06, 0.14],
[0.02, 0.07])

([0.85, 0.95],
[0.10, 0.18],
[0.05, 0.12])

t3

a1

([0.82, 0.92],
[0.08, 0.16],
[0.03, 0.10])

([0.75, 0.85],
[0.10, 0.20],
[0.05, 0.15])

([0.80, 0.90],
[0.10, 0.18],
[0.05, 0.12])

([0.40, 0.50],
[0.25, 0.35],
[0.35, 0.45])

([0.85, 0.95],
[0.08, 0.16],
[0.03, 0.09])

([0.80, 0.90],
[0.12, 0.22],
[0.08, 0.18])

a2

([0.72, 0.82],
[0.15, 0.25],
[0.10, 0.20])

([0.68, 0.78],
[0.18, 0.28],
[0.15, 0.25])

([0.75, 0.85],
[0.15, 0.25],
[0.10, 0.20])

([0.60, 0.70],
[0.25, 0.35],
[0.20, 0.30])

([0.75, 0.85],
[0.15, 0.25],
[0.10, 0.20])

([0.82, 0.92],
[0.12, 0.22],
[0.08, 0.18])

a3

([0.85, 0.95],
[0.06, 0.14],
[0.02, 0.07])

([0.60, 0.70],
[0.20, 0.29],
[0.17, 0.26])

([0.83, 0.93],
[0.08, 0.16],
[0.03, 0.09])

([0.38, 0.48],
[0.30, 0.40],
[0.40, 0.50])

([0.88, 0.98],
[0.05, 0.13],
[0.01, 0.05])

([0.82, 0.92],
[0.08, 0.16],
[0.03, 0.09])

a4

([0.90, 0.99],
[0.04, 0.12],
[0.00, 0.05])

([0.82, 0.92],
[0.08, 0.16],
[0.03, 0.09])

([0.90, 0.99],
[0.05, 0.13],
[0.00, 0.05])

([0.65, 0.75],
[0.12, 0.20],
[0.18, 0.28])

([0.92, 1.00],
[0.02, 0.10],
[0.00, 0.03])

([0.90, 0.99],
[0.05, 0.13],
[0.00, 0.05])
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