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Abstract

Establishing an equitable, evidence-based mechanism for allocating flood prevention fund-
ing is critical to mitigating the risk of flash floods. However, existing research seldom
accounts for the multi-dimensional nature of vulnerability or achieves an appropriate bal-
ance between efficiency and equity. To address this gap, we propose the Multi-dimensional
Vulnerability-based Flood Disaster Fund Allocation Optimization Model (MD-FAOM),
which integrates the coupling effects of exposure, sensitivity, adaptive capacity, and equity
into allocation strategies using the NSGA-II algorithm, TOPSIS method, and geographical
detectors. The model prioritizes funding for ecologically targeted flood prevention. We
apply this framework to southern Tibet to derive optimal fund allocations and quantita-
tively assess the resulting benefits. Our results show that areas characterized by negative
vulnerability account for 25.22% of the study region, mainly concentrated in Lhasa and
Shannan. Under equivalent conditions, MD-FAOM delivers benefits across an area of
85,915 km?, achieving an improvement rate of 30.11%. These findings demonstrate that
integrating vulnerability science with distributive equity can optimize the allocation of lim-
ited resources, thereby enhancing both flood resilience and ecosystem conservation. This
approach advances ecohydrological disaster management and supports the achievement of
Sustainable Development Goals (SDGs) 13 (Climate Action) and 15 (Life on Land).

Keywords: flash flood; multi-dimensional vulnerability; fund allocation; geographical
detectors; southern Tibet

1. Introduction

Under global climate change, flash floods have become a critical concern owing
to their extensive spatiotemporal coverage, high frequency, and severe socioeconomic
consequences [1]. Worldwide, nearly 40% of natural disaster losses are attributed to rain-
storms and flood events, affecting more than 2 billion people and highlighting their systemic
risk to sustainable development [2]. Disaster mitigation is hindered by a core trade-off: lim-
ited public funds must be distributed across diverse regions while balancing structural and
non-structural measures [3]. Misaligned financial allocation, stemming from fragmented
governance and mismatched vulnerability evaluation, further weakens regional disaster
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resilience, a widely recognized bottleneck in disaster finance research [4]. Such unbal-
anced resource distribution also undermines the long-term socioecological sustainability
of high-altitude eco-fragile zones. Accordingly, data-driven funding frameworks integrat-
ing cost—benefit analysis and dynamic vulnerability evaluation are urgently required to
maximize overall systemic disaster resistance.

Research on disaster-prevention fund allocation can be categorized into post-disaster
emergency scheduling and pre-disaster long-term infrastructure planning. Current rele-
vant studies have mostly centered on emergency dispatch models and produced several
representative findings: constructing infrastructure resilience evaluation indices [5], es-
tablishing early warning-fund linkage frameworks for disaster response [6], exploring
multi-objective trade-offs in flood control investment optimization [7], and evaluating the
rationality of government disaster relief fund distribution [8]. However, existing research
shows a significant discrepancy between the focus on decision-making timeliness during
the post-disaster emergency response phase [9] and the systematic fund optimization re-
quired for flood control infrastructure funding planning. As a key pathway to enhancing
regional disaster resilience, the latter requires the establishment of a multi-objective, collab-
orative flood-prevention resource-allocation model to achieve the dual goals of maximizing
disaster-prevention benefits and continuously reducing disaster losses. Precise funding
planning fundamentally relies on the identification of priority support watersheds [10].
Early studies often used historical flash-flood severity to determine such areas, while con-
temporary research frameworks have shifted toward relying on vulnerability assessments
that integrate socioeconomic, environmental, and institutional dimensions. A growing
body of research confirms [11] that vulnerability assessment is crucial to rational fund
allocation [12] and has thus become an integral part of the process.

Methodologically, vulnerability evaluation has advanced from single-indicator frame-
works to multi-scale comprehensive assessment systems [13]. Despite ongoing method-
ological improvements, a critical disconnect remains between assessment outcomes and
allocation parameters [14]. The current framework is constrained by three primary limi-
tations: first, it treats exposure, sensitivity, and adaptive capacity as discrete dimensions
rather than as interdependent decision variables; second, it lacks a robust mechanism for
translating multi-dimensional scores into quantifiable allocation weights for funding; and
third, it fails to adequately reconcile efficiency with equity considerations. Accordingly, it
is urgent to build a mapping mechanism linking multi-dimensional vulnerability assess-
ment results with funding distribution decisions. This mechanism enables Pareto-optimal
resource allocation by quantifying marginal disaster-reduction benefits of each indicator
across all vulnerability dimensions. In multi-objective optimization, NSGA-II excels in
rapid non-dominated sorting, efficient convergence, and robustness [15], and it outperforms
GA [16] and EGA [17]. However, current applications of NSGA-II remain concentrated in
areas such as emergency supply and evacuation sites [18], with limited focus on funding
allocation. This research gap motivates our adoption of NSGA-II to construct optimized
funding schemes for flash-flood mitigation. The ultimate goal of this line of research
is to develop an integrated optimization framework to rationalize pre-disaster resource
distribution, strengthen regional disaster preparedness, and reduce flash-flood risks.

Southern Tibet is located in the southeastern part of the Qinghai-Tibet Plateau. As a
typical high-altitude, ecologically fragile region, it serves as the core of the Qinghai-Tibet
Plateau’s ecological security barrier and is also a critical water source conservation area
for multiple downstream regions, supporting ecological balance and socioeconomic de-
velopment across a wide area [19]. The region features complex geological structures and
significant topographical variations, encompassing diverse landscapes such as plateaus,
mountains, and river valleys. Under the combined influence of monsoon and plateau
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climates, flash floods exhibit characteristics of high frequency, sudden onset, and complex
disaster mechanisms, posing a severe threat to regional ecological stability and public
welfare. Currently, there is a lack of multi-dimensional vulnerability assessments and
funding allocation studies for flash floods in this region, leading to an insufficient un-
derstanding of disaster-prevention resource allocation in high-altitude vulnerable areas,
which constrains the enhancement of regional disaster resilience and the achievement of
sustainable development goals.

The aim of this study is to propose a multi-objective flash-flood funding alloca-
tion framework based on multi-dimensional vulnerability assessment results, to provide
more precise and effective funding allocation strategies for the pre-disaster defense phase.
Firstly, we construct a small watershed-scale evaluation index system and map the multi-
dimensional vulnerability of flash floods. We then develop a funding allocation framework
based on multi-dimensional vulnerability assessment (MD-FAOM) and solve the Pareto-
optimal solution set using the NSGA-II algorithm combined with the TOPSIS method.
Finally, we compare the funding allocation results obtained from the flash flood intensity
scenario with those derived from the MD-FAOM approach. This framework holds signif-
icant implications for enhancing the precision and effectiveness of funding allocation in
pre-disaster defense across flood-prone regions and facilitating sustainable disaster risk
reduction under global climate change.

2. Materials and Methods
2.1. Study Area

The study area is located in southern Tibet, China, encompassing five prefectures:
Shigatse City, Lhasa City, Shannan City, Nyingchi City, and Qamdo City (26°51'-32°35' N,
82°08'-99°06’ E). The total area is approximately 510,000 km?, with an average elevation
of over 4000 m, and it features high mountains and deep valleys. It possesses rivers such
as the Yarlung Zangbo River, the Nu River, and the Lancang River. Summer glacial melt
combined with monsoonal precipitation, exacerbated by global warming [20], frequently
generates flash-flood peaks. The annual rainfall averages about 500 mm, 70% of which
occurs from June to September [21]. The maximum hourly rainfall can reach 50 mm and
may trigger flash floods and mudslides. Accordingly, 60% of the cultivated land lies in
valley lowlands, which are prone to flooding [20]. Flash floods primarily occur near the
Yarlung Zangbo River, Lhasa River, and Nianchu River. Lhasa, Shannan, and Shigatse
are the core disaster areas, with the direction of disaster migration primarily towards
the southeast. In the southern part of Tibet, a total of 729 mountain flood disasters of
varying magnitudes occurred between 2000 and 2015, most of which happened during
the peak summer rainfall season in July and August (Table 1), and were predominantly
short-duration, high-flow-rate sudden flash floods. Southern Tibet is the region with the
highest frequency of flash-flood disasters and the most severe casualties in Tibet, and it
is also relatively developed in terms of economy and population. As of the beginning
of 2024, the permanent population of this area reached 3.02 million people, with a gross
domestic product (GDP) of 208.436 billion yuan, accounting for more than 87% of the Tibet
Autonomous Region. The study area schematic diagram is shown in Figure 1.

Table 1. Historical flash-flood disaster conditions in the southern part of Tibet.

Occurrence Time Scene The Extent of the Disaster

The flood destroyed three
highway bridges and damaged
150 m of road surface

Cuona County, Shannan

July 2015 City
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Table 1. Cont.

Occurrence Time Scene The Extent of the Disaster

A total of 710 people were
July 2014 Dazi County, Lhasa City  affected by the disaster, and water
flooded 14 residential houses

Sangzhuzi District, Twenty acres of farmland were

August 2013 Shigatse City washed away, and a household’s
house collapsed
The floodwaters submerged three
August 2010 Angren Coupty, Shigatse houses, damaged one kilometer

City of roads, and damaged
two bridges and culverts

Location of study area
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Figure 1. Location map of the study area.

2.2. Research Framework

To address the scientific and rational allocation of limited disaster funds across regions,
this study develops a framework integrating multi-dimensional vulnerability assessment
and flash-flood-mitigation fund allocation (Figure 2). The framework proceeds in three
stages: first, a multi-dimensional vulnerability assessment system is established, with
indicator weights determined via the geographical detector, yielding exposure, sensitivity,
adaptive capacity, and multi-dimensional vulnerability results. Second, priority support
areas are identified from these results; suitable disaster-prevention measures are selected,
and their benefit coefficients are determined using the geographical detector. Third, under
limited resource constraints, a funding allocation framework is constructed by integrat-
ing vulnerability’s spatial differentiation, addressing both system-wide optimization and
key-area governance via multi-dimensional decision optimization. The framework em-
ploys NSGA-II for multi-objective collaborative optimization and integrates TOPSIS to
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identify the optimal solution, providing decision support for enhancing the precision and

sustainability of disaster-prevention resource allocation.
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Figure 2. Framework for research.

2.3. Multi-Dimensional Evaluation of Vulnerability
2.3.1. Selection of Indicators

The concept of vulnerability generally comprises three essential elements: the degree
of exposure to disturbances or external pressures, sensitivity to disturbances, and coping
capacity [22]. Consequently, flash-flood vulnerability is categorized into three components:
exposure, sensitivity, and adaptive capability. Currently, the indicator system-based as-
sessment approach is widely applied across various fields [23]. This approach integrates
multiple dimensions, including natural, social, and economic factors, to form a structured
framework [24]. By taking a multi-dimensional perspective, this method overcomes the lim-
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itations of focusing on a single aspect, thereby providing a more thorough comprehension
of the underlying causes of vulnerability. Flash-flood vulnerability needs to incorporate nat-
ural exposure, social sensitivity, economic structure, and adaptive capability. Based on the
above analysis and considering the principles of representativeness, systematicity, measur-
ability, and operability, this study ultimately constructs a vulnerability assessment system

consisting of 22 indicators (see Table 2 for details). All detailed information regarding the

vulnerability assessment indicators is displayed in the table.

Table 2. Indicator information.

Category Indicators Data Sources Time Resolution
European Space Agency
Exposure Elevation (https:/ /dataspace.copernicus.eu/) 2015 30m x 30m
(accessed on 25 June 2026)
Land use Annual China Land Cover Dataset 2020 30m x 30m
National Aeronautics and Space
Maximum three-day Administration o o
rainfall (https://disc.gsfc.nasa.gov/) (accessed on 2020 0.1 0.1
25 June 2026)
Earth Resources Data Cloud
Annual rainfall (http:/ /www.gis5g.com/home) (accessed 2020 1km x 1km
on 25 June 2026)
OpenStreetMap
River density (https:/ /www.openstreetmap.org/) 2020
(accessed on 25 June 2026)
Slope DEM data extraction 2015 30m x 30 m
Resources and Environmental Science
Soil type Data Center (https://www.resdc.cn/) 2020
(accessed on 25 June 2026)
Resources and Environmental Science
Vegetation type Data Center (https://www.resdc.cn/) 2020 1km x 1km
(accessed on 25 June 2026)
OpenStreetMap
Sensitivity Enterprise density (https:/ /www.openstreetmap.org/) 2020
(accessed on 25 June 2026)
Institute of Geographic Sciences and
gross domestic product Natural Resources Research
(GDP) (http:/ /www.igsnrr.ac.cn/) (accessed on 2020 1km x T km
25 June 2026)
Population density Landsizzlcg;?db ’O/ n/ ;anisﬁsgggg)l'gov/ ) 2020 1km x 1km
OpenStreetMap
Road density (https:/ /www.openstreetmap.org/) 2020
(accessed on 25 June 2026)
Village National Bureau of Statistics 2020
. . . National Flash Flood Investigation and
Adaptive capacity Bridge Evaluation Project (NFI§IEP) 2015
Embankment NFFIEP 2015
OpenStreetMap
Distance to hospital (https:/ /www.openstreetmap.org/) 2015
(accessed on 25 June 2026)
Culvert NFFIEP 2015
Reservoir NFFIEP 2015
Sluice NFFIEP 2015
Simple rainfall station NFFIEP 2015
Automatic monitoring NFFIEP 2015
station
Wireless Warning NEFIEP 2015
station

https://doi.org/10.3390/su18146979


https://dataspace.copernicus.eu/
https://disc.gsfc.nasa.gov/
http://www.gis5g.com/home
https://www.openstreetmap.org/
https://www.resdc.cn/
https://www.resdc.cn/
https://www.openstreetmap.org/
http://www.igsnrr.ac.cn/
https://landscan.ornl.gov/
https://www.openstreetmap.org/
https://www.openstreetmap.org/
https://doi.org/10.3390/su18146979

Sustainability 2026, 18, 6979

7 of 20

Exposure reflects the potential likelihood of an area being threatened by disasters,
mainly determined by natural geographic conditions [25]. It includes factors such as
elevation, land use, and annual rainfall. Sensitivity measures the potential damage of
flash floods to socioeconomic systems, emphasizing the concentration of population and
economy [26]. It includes factors such as gross domestic product (GDP), population
density, and road density. Adaptive capability is a region’s capacity to utilize infrastructure
and emergency resources to react to disasters [27]. It includes factors such as bridges,
embankments, and wireless warning stations.

2.3.2. Multi-Dimensional Assessment

Before conducting a vulnerability assessment, the indicators” weights must be es-
tablished. The geographical detector is utilized in this work to establish the indicators’
weights [28]. Geo-detectors are used to examine spatial heterogeneity and identify its
influences [29]. This method quantifies the degree to which different potential factors
explain the spatial heterogeneity of phenomena, thereby objectively determining the
weights of different indicators. Compared to the limitations of traditional methods that
rely on subjective weighting or simple linear assumptions, the Geographical Detector
explores the geographical coupling characteristics between variables, avoiding the risk of
weight allocation being disconnected from the true spatial association, and is calculated
using Equations (1) and (2).

i Nha}%
7=1-"=5 M
PD;
wj = (2)
]51 PD;

where Nj, and N represent the number of layers h and the total number of study units,
respectively; o is the variance of vulnerability across the entire study area; wj is the weight
of each indicator; PD; is the contribution distribution of the jth category of indicators to
mountain flood hazards.

Exposure, sensitivity, and adaptive capability are the three factors that determine
vulnerability, calculated using Equations (3)—(9).

n
j=1
i
fi=" 4)
Y. zij
j=1
1
K=t ©)
uj=2—H, (6)
n
EX; = EXy, ) wjx;; 7)
j=1
k
SE; = SEy; Y wjx;j (8)
j=1
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=1 et/

AC =" —
S="4c,

©)
where zjj is the quantitative value of each indicator; ﬁ-]- is the characterization value of each
indicator; H; is the entropy value of the ith evaluation object; u; is the inhomogeneity coeffi-
cient of the ith evaluation object; EXy;, SE,; and AC,, are the inhomogeneity coefficients
of exposure, sensitivity, and adaptive capacity of the ith small watershed, respectively;
EX;, SE; and AC; are the exposure, sensitivity and adaptive capacity of the ith evaluation
object, respectively.

This study introduces the concept of multi-dimensional vulnerability. It is based
on a quantitative analysis that examines the balanced development between exposure,
sensitivity, and adaptive capacity. Six dimensions have been identified for consideration
in the vulnerability assessment process: Disaster Risk Potential (DRP), Economic Growth
Potential (EGP), Adaptive Deficiency Indicator (ADI), Community Resilience Capacity
(CRC), Hazard Frequency Risk (HFR), and Resource Utilization Inefficiency (RUI). Specific
details are shown in Table S1. Based on the above definitions, the multi-dimensional
vulnerability assessment result map can be obtained.

2.4. Framework for Allocation of Flash-Flood-Disaster-Prevention Funds
2.4.1. Determine Priority Support Areas and Benefit Coefficient

When determining the priority of disaster management, the criteria for assessing the
severity of disasters should be based on systemic risk assessment [13]. Traditional methods
typically focus solely on analyzing the physical destructive potential of single natural haz-
ard factors [30], whereas the innovative multi-dimensional vulnerability assessment inte-
grates interactions among the three vulnerability components. Based on multi-dimensional
vulnerability results, priority support areas characterized by high population density, weak
infrastructure protection, and unbalanced emergency resource allocation, thus prone to
severe disaster consequences [31], are identified.

Within the multi-dimensional vulnerability framework, adaptive capacity can be en-
hanced via infrastructure development [32], considering feasibility and cost. Improved
adaptive capacity transforms ADI and HFR into positive types, reducing overall vulner-
ability. Additionally, geo-detector technology quantifies relationships between historical
flash-flood distributions and preventive measures [33], revealing correlations between
measures and flood patterns [34] to derive benefit coefficients for all measures.

2.4.2. Framework for Allocating Funds Based on Multi-Dimensional Assessment
of Vulnerability

To maximize investment efficiency, this study develops a multi-dimensional vulnerability-
based fund allocation model (MD-FAOM) built on the existing FAOM [17]. MD-FAOM
emphasizes interrelationships between exposure, sensitivity, and adaptive capacity [35]
and their impacts on allocation decisions, incorporating three objective functions:

Firstly, in terms of overall disaster-prevention benefits, the fund’s investments gen-
erate specific benefits, which are assessed by transforming negative indicators into the
unit of analysis. Single-indicator conversion achieves 1/3 of the target; double conversion
achieves 2/3. Marginal benefits persist even in the absence of positive conversions. Sec-
ondly, in terms of optimization of disaster-prevention objectives, the ideal strategy would
be to transform passive indicators into active ones, gradually narrowing the scope of the
objectives and thus the focus of the allocation of funds. Furthermore, the Gini coefficient
would be introduced to ensure fairness in the distribution of funds for flash-flood preven-
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tion and control [36], and an “equity-efficiency” dynamic balancing mechanism would be
adopted to maximize the effectiveness of disaster prevention.

Goal function 1: maximize the total benefit areas of every analysis unit within the
study area, calculated using Equations (10)—(15).

f1 = Max(BA) (10)
q PAC*S. Loq* no2*
BA=Y —— 2 __ 1 Y ~54 ) I (11)
l; 3Min(EX; SEi) 4,3 7' 4,8

PAC; = AC; + IAC; (12)

k
IACZ' = Z Mi]wj (13)

j=1

Yijmax — Yijmin
P

where BA is the total of all analysis units’ areas of benefit; PAC; is the current adaptive
capacity of the ith analysis unit with the addition of new measures; S; is the ith watershed’s
area; g is the number of analysis units without a positive type in the six dimensions of
vulnerability; IAC; is the added adaptive capacity; M;; is the jth measure’s standardized
value in the ith unit of analysis; k is the number of non-engineering measure types; w;
is the benefit coefficient; y;; is the number of the jth measure in the ith unit of analysis;
Djj is the amont invested in the jth measure inside the ith unit of analysis; and I; is the
measure’s cost.

Goal function 2: The number of positive types for all analysis units reaches the
maximum value, calculated using Equations (16) and (17).

fo = Max(Num) (16)

n
Num =) Num(PAC; > EX;orPAC; > SE;) (17)
i=1
where Num is the total number of positive types in the vulnerability measure for all units
of analysis in the study area.
Goal function 3: Minimize the Gini coefficient, calculated using Equation (18).

f3 = min(Gini) (18)

Restrictions: The total amount of funds invested in each research unit cannot be
more than the entire sum of funds, and the sum of the funds invested in the research
units must match the total amount of funds invested in all the measures, calculated
using Equation (19).

P = Z )P (19)

where P is the overall investment across all analytical units.

Within the multi-objective optimization framework for fund allocation [37], this study
adopts a hybrid strategy combining NSGA-II and TOPSIS [38]. Starting with a random
initial population, the algorithm evaluates each individual’s objective function performance,
then filters high-performance individuals via crowding distance calculation and non-
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dominated sorting. Pareto-optimal solutions are generated through iterative selection,
crossover, and mutation to produce new generations until reaching the predefined number
of generations or solution convergence [39]. Finally, TOPSIS is used to select the optimal
solution from the Pareto set.

2.5. Spatial Data Processing and Visualization for Mapping Results

Before outputting all spatial maps and statistical figures in this paper, standardized spa-
tial preprocessing and post-processing workflows were uniformly implemented for multi-
source datasets, and all figures were generated following the data processing procedures:

(1) For Figure 1 (location map of the study area): Administrative vector boundaries of
southern Tibet, 30 m DEM raster, and river vector datasets were unified to the same
coordinate system via projection transformation. Multi-scale nested layout mapping
was completed in professional software to display the national location, regional
scope, and topographic background of the study area.

(2) For Figure 2 (framework for research): All indicator layers, weighting algorithms,
multi-objective optimization models, and comparison modules were sorted according
to the logical sequence of vulnerability assessment-fund allocation-model verification,
and the process framework was visualized by combining the intermediate input and
output variables of each step.

(3) For Figure 3 (exposure, sensitivity, adaptive ability, and multi-dimensional vulnerabil-
ity maps): All 22 vulnerability indicators were subjected to normalization, followed by
indicator weight calculation via the geographic detector and entropy-inhomogeneity
coefficient methods. The weighted superposition of exposure, sensitivity, and adap-
tive capacity raster layers was performed on a small watershed unit scale, and the
natural breakpoint classification method was adopted to divide vulnerability grades
for spatial rendering.

(4) For Figure 4 (change in the value of the objective function as a function of iterations):
The three objective function values of 1, {2, and f3 output by NSGA-II under different
iteration generations were extracted, and the variation trend of each target index was
plotted with iteration times as the horizontal axis to determine the optimal iteration
threshold of 1500 generations.

(5) For Figure 5 (spatial distribution results of objective function 2): The Pareto-optimal
solution screened by TOPSIS was assigned to each small watershed analysis unit,
and watershed units were divided into positive and negative types based on the
six-dimensional vulnerability conversion results.

(6) For Figure 6 (outcomes of the distribution of funding at various scales): The total in-
vestment of each small watershed was aggregated to township, county, and municipal
administrative scales by spatial overlay statistics; the fund values of each scale were
classified by natural breakpoints to generate graded spatial distribution maps at four
statistical units.

(7)  For Figure 7 (allocation of funds at the municipal level under the two schemes): The
total investment of the five cities under the two allocation models was counted, and
the standard errors of regional funds were calculated to draw grouped bar charts with
error bars for comparative analysis.

(8) For Figure 8 (outcome of funding distribution in various cities): The number of
watersheds converted to positive types in each city was statistically summarized,
and the regional average optimization improvement rate (30.11%) was calculated
by comparing the pre- and post-investment vulnerability results. Then, a dual-axis
statistical chart combining bar graphs and trend lines was drawn.

https://doi.org/10.3390/su18146979


https://doi.org/10.3390/su18146979

Sustainability 2026, 18, 6979 11 of 20
84°E 87°E 90°E 93°E 96°E 99°E
z 1 ) 1 1 1 1
@ Exposure
Extremely low
Low
Moderate
W e
- Extremely high
g
&4
(2]
&
&
o
Z
A Sensitivity
Extremely low
Low
- Moderate
C )
B xcemely high
&z
Oo -
(2]
Z
f\ -
o~
Z -
@ Adaptive capacity
Extremely low
Low
- Moderate
- o
- Extremely high
£
&
o
£
&
[o\]
iz
o] N
Ve () —— 74.78%
4 £ 19.25%
W 5.43%
=
:?\ —
Multi-dimensional
vulnerability
Three negative region
Double negative region
z _ Single negative region
S 7| B Positive region km
T T T T T T
84°E 87°E 90°E 93°E 96°E 99°E
Figure 3. Exposure, sensitivity, adaptive ability, and multi-dimensional vulnerability maps.

(a) Exposure; (b) Sensitivity; (c) Adaptive capacity; (d) Multi-dimensional vunerability.

https://doi.org/10.3390/su18146979


https://doi.org/10.3390/su18146979

Sustainability 2026, 18, 6979 12 of 20

85,900

85,850 = - m e

Value

85,800

N
=3
=
S
T

Value
S
S
1
/
/
)
/
A\
7

0.030

Value

0.025 1 | 1 1 1 1 1 1 1
200 400 600 800 1000 1200 1400 1600 1800 2000

Figure 4. Change in the value of the objective function as a function of iterations.

33°N
1

N MD-FAOM results

- Positive type
- Negative type

z
OO —
L2
z
O -
B
o™
1 1 1 1 | 1
84°E 87°E 90°E 93°E 96°E 99°E
Figure 5. Spatial distribution results of objective function 2.
XL!: E K7I°!‘. 9(1:‘!‘. Ulrl‘ ‘Ji\:l: l)‘):!-: ?(4:1‘. KTI‘ \J(ll"l‘, “]:I‘ 9(8“’ E ‘J‘!“’I‘.

£q N Fund allocation N Fund allocation
- (town) 10,000 yuan

(a) (catchment) /10,000 yuan

[ loos4 20314
[Josa120 [N 3.14-530

0 034043
N 0.02-023 043-054
023034 [ 054-074

250
——— i)

O km

N Fund allocation

(Ccity) /10,000 yuan
[ Jo24089
I 2408942252
N 225262093

é- N Fund allocation

5 %E © (county) /10,000 yuan

[ 1158500 [N 18.13-24.90
[s901267 M 24903829
I 12.67-18.13

Nyingtri
240.89

T T T T T T T T T
SI°E STE 90°E 93 96°E. 9OE SIE ST°E 90°E 93°E 96°E. 99°E.
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Figure 8. Outcome of funding distribution in various cities.

3. Results
3.1. Current Multi-Dimensional Vulnerability

Based on the multi-dimensional assessment method, results for exposure, sensitivity,
and adaptive capacity are presented in Figure 3. High and extremely high exposure is
concentrated in the central region, distributed across residential areas, national highways,
rivers, and agricultural land. Both sensitivity and adaptive capacity exhibit a “high in the
center, low in the periphery” pattern; notably, regions with high gross domestic product
(GDP) and population density show elevated sensitivity, indicating strong correlations
with these factors.

Derived from the three vulnerability components, the multi-dimensional flash-flood
vulnerability map, as shown in Figure 3d, the figure shows the following: scattered dis-
tribution of triple-negative areas, primarily driven by extreme environmental conditions
or socioeconomic factors; double-negative areas predominantly in Lhasa and Shannan,
with scattered occurrences in Shigatse and Qamdo; single-negative areas (19.25%), widely
dispersed but relatively concentrated in the central and eastern regions, which may be
linked to permafrost thaw and the eastern Hengduan Mountains transition zone. The
remaining areas are positive, with low flash-flood susceptibility.
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To verify the robustness of weight fluctuation, Monte Carlo simulation-based uncer-
tainty analysis was implemented in this study [40]. Taking the original indicator weights
derived from the Geographical Detector and entropy weight method as the baseline, an
unbiased disturbance of 10% was imposed on each single indicator weight. The multi-
dimensional vulnerability index was recalculated for 1000 repeated sampling runs, and
the coefficient of variation (CV) was adopted to quantify the stability of assessment results.
The averaged CV of all watershed units was 8%, which is lower than the 15% stability
threshold. This demonstrates that even with reasonable random errors in original indicator
weights, the spatial pattern and numerical ranking of multi-dimensional vulnerability
remain consistent, proving strong robustness of the vulnerability evaluation framework.

3.2. Flash-Flood-Prevention Fund Allocation
3.2.1. Priority Support Areas and Benefit Coefficient

In line with the core principle that regions with higher flash-flood vulnerability de-
serve more financial support, we first demarcated priority investment watersheds based on
the multi-dimensional vulnerability results in Section 3.1. Regions with higher vulnera-
bility levels warrant higher priority support. Therefore, areas above the single negative
level are classified as priority areas for support (Figure S23). These areas are located in
regions with flat terrain, concentrated cultivated land, a good basis for agricultural and
urban development, and a concentration of educational, population, and medical facilities.
Subsequently, the benefit coefficient is quantified using the geographic detector.

Given the accessibility of data and the feasibility of implementation, three non-
engineering measures were selected: simple rainfall stations, automatic monitoring stations,
and wireless warning stations. The combination of these three measures can optimize the
entire process of data collection and notification, significantly reducing flash-flood losses.
Then, the benefit coefficients of each measure are quantitatively analyzed through the
geographical detector, and their investment ratios are allocated according to the costs. The
results are shown in Table S2. The benefits generated by these three measures, from highest
to lowest, are automatic monitoring stations, simple rainfall stations, and wireless early
warning stations. The investment ratios, from highest to lowest, are automatic monitoring
stations, wireless warning stations, and simple rainfall stations. The benefit coefficients and
investment ratios can be used as input conditions for MD-FAOM.

3.2.2. Specific Funding Allocation Plan

In constructing the MD-FAOM, the following are the precise parameter settings: the
population is fixed at 500; arithmetic crossover operators are used for crossover operations
with a crossover probability of 80%; non-uniform mutation operators are used for mutation
operations with a mutation probability set to 10%; the dimension of an individual is the
total number of small watersheds that need priority support; the total input fund is set to
20 million yuan. Different iteration numbers have different effects on the results, and a
sensitivity analysis was conducted to determine the optimal iteration number. The model’s
effectiveness and the confluence of the computational outputs are evaluated by tracking
the convergence trajectory of the best objective value in the iterations, and the optimal
iteration number is selected comprehensively. As shown in Figure 4, the objective function
values show a modest upward trend up to 1500 iterations, followed by a fast increase in
{3, a gradual reduction in {2, and a tendency toward stabilization after 1500 iterations.
Therefore, considering the objective function values’ overall trend of change, the number
of iterations is set to 1500 generations, which is used as the input condition for the model.
Then, based on the MD-FAOM solution, the optimal solution can be identified through
TOPSIS, obtaining the optimal funding allocation scheme for the small watershed, as shown
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in Table 3. Because Case 1 has the highest C value, it is selected as the ultimate funding
allocation plan. The values of the three objective functions for this scheme are: the area of
benefit is 85,915 km?, the number of positive types is 2020, and the Gini coefficient is 0.282.
As shown in Figure 5, due to the investment of funds, many small watersheds have already
transitioned into positive types. However, most small watersheds remain negative types,
mainly because of frequent flash floods and a high economy, leading to high vulnerability,
so these areas need more financial investment.

Table 3. TOPSIS identifies the optimal plan for allocating funds.

Pareto- Relative
Optimal Set n 2 P Closeness
Case 1 85,915 2020 0.282 0.83
Case 2 85,907 2007 0.279 0.71
Case 3 85,876 2013 0.280 0.47
Case 4 85,907 2017 0.284 0.39
Case 5 85,902 2021 0.297 0.34

The results of fund allocation at the watershed scale are shown in Figure 6a. It can
be seen that there is a disparity in fund allocation between different watersheds, with
the maximum being 7400 yuan and the minimum only a few hundred yuan. The center
regions, including Lhasa and the eastern portion of Shigatse, are mostly home to places
with the largest allocation of funds. The reason for this result is taking into account the
interrelationships between exposure, sensitivity, and adaptability, that is, the unevenness
coefficient, which makes such allocation more reasonable.

Generally, public funds cascade vertically from central to provincial administrations,
subsequently flowing downstream to municipalities, counties, and townships. Therefore,
the distribution of funds at different scales has been statistically analyzed, including
township, county, and municipal levels. Figure 6b delineates township-tier funds allocation,
varying between 5400 yuan at the lowest and 53,000 yuan at the highest. Some townships
receive no financing because they lack priority-supporting watersheds, while the central
region receives the largest funding amounts. Figure 6c illustrates the allocation of financing
at the country level, with a minimum of 15,800 yuan and a maximum of 382,900 yuan. The
allocation of funding at the municipal level, as depicted in Figure 6d, varies significantly
among different cities. The minimum is Nyingchi City, with an investment of 2.4 million
yuan, and the maximum is Lhasa City, with an investment of 6.2 million yuan. This is
because Lhasa City has a generally higher level of vulnerability, and therefore, more funds
should be invested. The funds allocated to the Shigatse, Shannan, and Qamdo regions
are roughly equal. The outcomes of the funding distribution at these various scales can
provide local decision-makers with the references they need to make decisions that are
genuinely scientific.

Figure 7 presents municipal fund allocation results under the two schemes. Both
models assigned the largest fund volume to Lhasa and the smallest to Nyingchi, with
distinct numerical differences between schemes. MD-FAOM distributed more funds to
Lhasa and fewer funds to Nyingchi relative to the Flash Flood Intensity Scheme (FFIS) [17].
The error bars in the figure display intra-city fund distribution fluctuations for each city.
MD-FAOM captured greater funding disparities among internal watershed units.

Figure 8 shows the number of watersheds converted to positive vulnerability types
and improvement rates via a dual-axis chart. Shigatse has the highest improvement rate,
while Nyingchi ranks lowest on both metrics. Qamdo and Shannan display intermediate
outcomes, jointly demonstrating that MD-FAOM prioritizes areas with higher disaster-
mitigation returns.
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4. Discussions
4.1. Comparison with Previous Studies

The problem of flood control fund allocation has long plagued disaster risk manage-
ment, and existing methods have obvious limitations that make it difficult to achieve
optimal resource allocation [41]. Conventional models often rely on a single risk
assessment [42], leading to a mismatch between financial inputs and actual needs, such as
over-concentration of resources on uninhabited high-risk areas while underfunding popu-
lated areas with high economic value. In addition, conventional mechanisms often neglect
to balance social equity with disaster-prevention efficiency, as well as to accommodate
spatial heterogeneity at different scales, which can lead to the neglect of key risk points
due to inappropriate unit delineation [43]. The FFIS has begun to allocate funds by hazard
intensity, which has improved but is still limited by relying solely on historical data. While
incorporating socioeconomic factors, it failed to consider the interactions between vulner-
ability elements [44]. In contrast, the proposed MD-FAOM fills these gaps through three
innovative improvements. First, MD-FAOM quantifies the dynamic associations among
natural, socioeconomic, and adaptive factors to provide a comprehensive assessment of
hazards. Second, by combining the NSGA-II algorithm with TOPSIS, this framework strikes
a balance between fairness and efficiency, overcoming the methodological shortcomings
of pursuing efficiency or fairness alone. Finally, by analyzing at different scales such as
sub-watersheds, towns, counties, and cities, MD-FAOM avoids the averaging effect in
large-scale assessments [45], captures the fluctuating characteristics of local vulnerability,
and ensures that key risk points are not missed. This multi-scale coupled framework also
better coordinates multiple sustainability objectives than single-risk allocation models. By
establishing a data-driven, cross-scale, multi-dimensional decision-making framework, the
framework breaks through the limitations of previous studies and lays a more scientific
foundation for capital allocation.

4.2. Implications of MD-FAOM

This study applied the MD-FAOM framework to southern Tibet, demonstrating its
efficacy in optimizing fund allocation across spatial scales. This concentration reflects
the framework’s strategic prioritization, targeting regions where investment yields the
most significant reduction in potential flood losses per unit of currency. In terms of
effectiveness improvement, 2020 sub-watersheds were transformed into positive types after
funding (Figure 5). This indicates that the framework can pinpoint key regional resources.
In addition, the allocation of disaster-prevention resources is significantly affected by
regional heterogeneity [46]. The results of this study remain robust at different scales,
confirming that the MD-FAOM avoids over-averaging and eliminates geographical bias,
ensuring a balance between global strategies and local needs.

The framework of this study identifies regions with the highest marginal benefits of
funding by integrating exposure, sensitivity, and adaptive capacity. The results show the
high vulnerability of the Lhasa region, whose special status as a political, economic, and
cultural center [47], as well as the rapid flow of surface runoff during heavy rainfall, is
a reasonable basis for its high level of financial support. The NSGA-II algorithm seeks
an optimal balance between loss minimization and equitable distribution, avoiding over-
concentration of funds in low-value, high-risk areas while ensuring that densely populated,
low-risk areas receive adequate inputs. Such optimization is critical. Vulnerability-specific
strategies alone may neglect critical infrastructure in moderate-risk areas, while simple
and crude population-based allocations may lead to underfunding of important ecological
buffers. The NSGA-II is computationally validated to maximize system resilience and
strike a fine balance in resource allocation.
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For southern Tibet, the MD-FAOM framework significantly improves flood resilience
and advances regional socioecological sustainability by prioritizing the protection of areas
critical to socioeconomic stability and ecologically sensitive areas. The framework supports
sustainable development in Tibet by ensuring equitable distribution of resources while
reducing disaster losses. The framework contains multi-dimensional vulnerability assess-
ment, multi-objective optimization, and multi-scale validation [48], which can be applied
to other regions according to local conditions by adjusting suitable indicators. For instance,
coastal regions would likely emphasize sea-level rise exposure metrics, while arid areas
might well prioritize sensitivity to flash floods. Consequently, the selection of vulnerability
indicators, the weighting schemes applied to optimization objectives, and the benchmarks
used for validation must be meticulously calibrated to local conditions. It is particularly
suitable for watersheds with complex topography, significant socioeconomic gradients, and
varying disaster risks. By adapting region-specific parameters, MD-FAOM can guide the
allocation of funds on a global scale.

4.3. Uncertainties and Future Research

Although the MD-FAOM framework proposed in this study demonstrates multi-
dimensional optimization capabilities in allocating disaster-prevention funds, it still has
limitations. Limited by data-acquisition conditions, the current vulnerability assessment
system has not fully integrated key indicators, such as local community opinions, building
structural strength, and fire centers, which may affect the scientific nature of fund allocation.
Furthermore, the framework does not consider the disaster risk transmission mechanism
between adjacent areas, which may lead to impacts on adjacent areas after investing funds in
one area. Although MD-FAOM can optimize fund allocation, it does not specify the spatial
layout of specific disaster-prevention measures, such as the location of dam construction
and the deployment of early warning facilities, which may weaken the actual effect. In
addition, the study allocates funds based on a multi-dimensional assessment of historical
flash floods and current vulnerabilities, without coupling future climate change, such as
extreme rainfall events, urban expansion, and human activities, making it challenging to
adjust to the changing requirements of building long-term resilience. Future research can
integrate high-resolution, real-time monitoring data to construct a dynamically updated
vulnerability indicator system. By combining urban planning predictions, the framework
can be improved, and a dynamic multi-stage fund allocation algorithm can be developed
to make fund allocation more comprehensive and scientific.

5. Conclusions

This study aims to construct an equity-efficiency-balanced fund-allocation model for
flash-flood prevention to solve the unreasonable resource distribution issue across ecologi-
cally fragile southern Tibet. First, a 22-indicator multi-dimensional vulnerability assessment
system covering exposure, sensitivity, and adaptive capacity is established, and the results
reveal that 25.22% of the study area presents negative vulnerability, mainly clustered in
Lhasa and Shannan. Second, the MD-FAOM model integrating NSGA-II and TOPSIS
is proposed to optimize three core objectives. Compared with the traditional FFIS, the
model expands the effective disaster-mitigation area to 85,915 km?, with a 30.11% overall
optimization improvement rate, and delivers hierarchical fund allocation results at water-
shed, township, county, and municipal scales. This multi-objective allocation framework
advances coordinated flood risk mitigation and plateau ecological conservation, contributes
to advancing Sustainable Development Goals 13 and 15, and offers flexible, transferable
scientific decision support for sustainable disaster management in other mountainous
flash-flood-prone regions.
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