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Abstract: Rapid urbanization, compound hazards, and interagency dependencies increase
the importance of timely and reliable emergency resource allocation. This study develops a
risk-responsive robust multi-objective allocation framework (RRMA) connecting risk as-
sessment, demand generation, network accessibility, and deployment decisions. A four-
dimensional index represents hazard, exposure, vulnerability, and recovery capacity. Facil-
ity activation, resource pre-positioning, and scenario-dependent distribution are subject to
budget, capacity, and minimum-service constraints, while robustness is expressed through
the worst weighted loss over a finite scenario set. The scenario analysis covers six urban
functional area types and compares baseline-risk, flooding, and compound-risk synthetic
samples. Aggregate results show that, relative to the NSGA-II benchmark, RRMA increases
high-risk demand coverage by 3.2-3.7 percentage points, reduces mean response time by
2.9-3.1 minutes, lowers unmet demand by 2.7-2.8 percentage points, and reduces the cov-
erage Gini coefficient by 0.031-0.032. These differences indicate that risk-responsive allo-
cation can reconcile service efficiency and spatial equity in the synthetic settings exam-
ined. The comparisons provide descriptive evidence at the framework level and do not
identify the independent contribution of individual model constraints. The study provides
an explicit basis for coordinating risk priorities, minimum-service protection, and cross-
district resource allocation under limited budgets.

Keywords: Urban public safety; Risk governance; Emergency resource allocation; Sce-
nario-based robust optimization; Service equity; Urban resilience
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Introduction

spaces. Public safety risks consequently extend across sec-

Urbanization concentrates population, industry, trans- tors and administrative boundaries and may involve inter-
port, and critical infrastructure within interconnected urban  acting hazards. China’s resident-population urbanization
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rate reached 67.00% in 2024 (National Bureau of Statistics
of China, 2025). Nationally, natural disasters affected people
on 94.13 million occasions and caused CNY 401.11 billion in
direct economic losses that year (Ministry of Emergency
Management of China, 2025). These national statistics moti-
vate the study but do not identify local emergency demand,
road accessibility, or the effects of a particular allocation pol-
icy.

Under a limited budget, resource allocation must account
for the spatial distribution of risk, population exposure, vul-
nerable groups, and rescue accessibility. Additional stock
does not guarantee timely delivery. Concentrating resources
in easily served areas may also widen service gaps in periph-
eral communities. Urban resilience scholarship emphasizes
the importance of conceptual clarity, system adaptation, and
differences in governance objectives (Meerow et al., 2016).
Research on urban safety in China identifies related chal-
lenges in decision-making, local implementation, and social
coordination (Liu et al,, 2025). Translating these concerns
into explicit decision variables and testable constraints mo-
tivates the present study.

The study addresses a specific question: when resources
are limited and demand and transport conditions are simul-
taneously disrupted, how can planners make transparent
trade-offs among demand coverage, response time, cost, and
spatial equity? We connect risk identification, demand gen-
eration, accessibility assessment, and multi-objective opti-
mization in the applied RRMA decision framework. Its con-
tribution is to connect risk assessment to deployment
through capacity-constrained service coverage and to distin-
guish preparedness from response through common pre-
disaster decisions and scenario-dependent distribution. Na-
tional statistics establish the study context, while the discus-
sion of allocation performance draws on synthetic scenario
comparisons.

Literature Review

Urban public safety governance and resilience

Research on urban public safety increasingly connects
emergency response with prevention, adaptation, and re-
covery. Liu et al. (2025) discuss challenges to urban safety
resilience in China in terms of managerial decision-making,
local implementation, social collaboration, and critical areas.
Guo et al. (2025) develop a planning and design framework
that relates risk sources, exposed systems, and mitigation
capacity. These studies help identify the governance objec-
tives that resource allocation should address.

International research also emphasizes the need to spec-
ify whose resilience is being considered, over what period,
and with which normative priorities (Meerow et al., 2016).
Accordingly, this study focuses on resource deployment and
distribution within a defined emergency response window.
Demand fulfillment and the distribution of service provide
operational measures of allocation performance. This scope
does not encompass long-term recovery, social learning, or

institutional adaptation; service performance across scenar-
ios represents only one operational dimension of resilience.

Emergency preparedness and resource allocation

Emergency pre-positioning research already integrates
facility location, inventory decisions, and post-disaster dis-
tribution. Rawls and Turnquist (2010) examine emergency
supply pre-positioning for disaster response, illustrating the
need to consider storage locations and quantities jointly un-
der uncertainty. Robust optimization scholarship also exam-
ines the trade-off between protection against uncertainty
and objective performance (Bertsimas & Sim, 2004). Build-
ing on this research, RRMA connects risk-related demand
and minimum-service protection with allocation across dis-
ruption scenarios.

The application problem examined here is the explicit
representation of risk-related demand, road accessibility, fa-
cility capacity, and minimum-service requirements within a
common allocation framework. NSGA-II is an algorithm for
obtaining multi-objective candidate solutions (Deb et al,
2002). Its performance depends on the formulation, con-
straints, and computational budget. In this study, NSGA-II
identifies the optimization algorithm used for a comparator
allocation. An optimization algorithm and a risk-responsive
allocation framework operate at different analytical levels,
so performance differences must be interpreted in relation
to their respective objectives and constraints.

Digital governance and data security

Cheng and Chen (2025) discuss a shift toward resilience-
oriented governance of urban public data security, highlight-
ing the relevance of technical, institutional, and accountabil-
ity arrangements. In emergency allocation, differences in the
spatial resolution, update frequency, and access permissions
of population, road, facility, and inventory data directly af-
fect demand and accessibility estimates. Mathematical feasi-
bility alone does not establish that interagency transfers can
be implemented.

The framework therefore connects data preparation with
governance constraints. Risk indicators require consistent
scales, cross-district transfers require predefined capacity
or agreement limits, and sensitive population information
should be represented through aggregated demand wher-
ever possible. The study examines how these governance re-
quirements can be expressed operationally and how alloca-
tion strategies perform under scenario disturbances.

Methods

Overall framework

The risk-responsive robust multi-objective allocation
framework (RRMA) follows four steps. First, population dis-
tributions, historical incidents, critical facilities, road net-
works, and inventory records are organized into a baseline
representation of risk and resources. Second, demand sce-
narios are generated from hazard, exposure, vulnerability,
and baseline recovery capacity. Third, common pre-disaster
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deployment decisions are determined subject to budget, ca-
pacity, timeliness, and minimume-service constraints. Finally,
distribution decisions may vary across scenarios, and the re-
sulting deployment is evaluated on independent test scenar-
ios.

The analysis covers a fixed response window. Let denote
demand units, candidate facilities, and a finite set of disrup-
tion scenarios. Resources are initially measured as a single
divisible, standardized emergency service unit. Firefighting
equipment, medical capacity, and relief supplies are not di-
rectly aggregated as interchangeable resources. Applications
involving non-substitutable resources require a resource-
type index and separate supply-demand balances. The
mathematical specification makes the allocation relation-
ships explicit. Aggregate scenario comparisons assess over-
all strategy performance and do not independently validate
each formal constraint.

Risk assessment and demand generation

For demand unit i in scenario s, hazard intensity H,, ex-
posure intensity E, vulnerability V,, and baseline recovery
capacity S, are scaled to [0,1]. The risk-priority index is de-
fined as:

RiszaHis+ﬂEis+yVis+5(1_Si)a a+ﬂ+7/+5=1(1)

The four weights are nonnegative, ensuring R _€[0,1]. Ex-
pressing recovery capacity as a shortfall avoids negative risk
scores and the negative demand they could generate. The in-
dex represents allocation priority, not a calibrated probabil-
ity of disaster occurrence. Scaling endpoints and weights
must be fixed before model evaluation. Test values outside
the prescribed range should be clipped according to a prede-
fined rule, with the frequency of clipping reported. Baseline
recovery capacity remains exogenous so that the current al-
location is not used retrospectively to determine its own de-
mand.

Emergency resource demand is defined as:

D;; = LR Pis + 4,C; + 153Gy, A A A3 20 (2)

Here, P_is the effective exposed population during the
response window, Cis the service load associated with criti-
cal facilities, and G is the population requiring additional
assistance. The three coefficients convert these quantities
into standardized service units. To limit double counting, E,
excludes population totals, V. excludes the same demo-
graphic characteristics already represented by G, and C, is
not also entered as an exposure indicator. Where overlap
cannot be eliminated, sensitivity analysis should remove the
relevant component. Without calibration against historical
demand, Equation (2) is a transparent scenario-generation
rule rather than a validated forecasting model.

Network accessibility and service coverage

Lett, denote travel time from facility j to demand unit i
in scenario s, and let T, denote the response-time threshold.
A time-decay function represents locational suitability:

Ayjs = exp(—puty ) W < Tp),  p 20 3)

The decay parameter y is measured in inverse minutes.
This indicator is not interpreted directly as a probability of
successful service, and accessibility from different facilities
is not treated as a collection of independent events. Fully
disrupted links are removed from the feasible distribution
network. Actual coverage depends on the quantity of re-
sources that can be delivered.

Let x}E[O,l] indicate facility activation, r].go pre-
positioned stock, yﬁszo the quantity delivered in a scenario,
and u, 20 unmet demand. Demand balance and resource
conservation require

Z Yijs t Uis = Dy, Zyijs < UsT (4)
jeJ iel

The parameter ajSE[O,l] is the usable proportion of stock
in scenario s. A disrupted distribution arc, or one exceeding
T, must have yi].S:O. For positive-demand units, coverage is

2 Vi :
j S Ujs
D;, D, 9is

s

dis

Zero-demand units are excluded from coverage and eq-
uity calculations. Equation (4) prevents the same finite stock
from being counted as fully covering several demand units.
This conservation requirement distinguishes locational ac-
cessibility from actual fulfillment and makes coverage re-
sponsive to resource scarcity.

Multi-objective optimization model

Let K, denote facility capacity, f} activation cost, ¢, unit
stocking cost, and B> 0 the planning budget. Cost and ca-
pacity constraints are

0<r.<Kx

B=2 (ﬁxﬁcj’}') < By i< K% (6
j

This budget covers activation and stocking costs but does
not yet include variable distribution costs. For a predefined
set of priority units I, minimum coverage can be imposed as
q,Z q,in every planning scenario. Cross-district distribution
may be limited by ¥, .y, = M, where M_is the set of cross-
district arcs and is the transfer capacity authorized by coor-
dination agreements. Minimum coverage must not be
silently relaxed during optimization. Infeasibility requires
explicit reporting and reconsideration of the budget, service
requirements, or scenario scope.
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Let I* be the set of positive-demand units and n_its size.
The overall unmet-demand rate, mean response time for
served demand, and a time measure that penalizes non-
service are defined as follows:

U - IRV B Zij Lijs Vijs -
’ Zi Dis, * Zl} yijs
Z,‘j tijsyijs + TZ,' Uis

L ,
’ Zi Dis

Travel-time sums include only available arcs with finite
travel times. If no demand is served, T is undefined and
must not be recorded as zero; L_remains defined. The pa-
rameter T is a policy penalty for unmet demand, not an ob-
served arrival time. Optimization uses L, while both T, and
U, are reported. This reduces the incentive to obtain a
shorter conditional response time simply by abandoning re-
mote demand.

Spatial equity is represented by the unweighted Gini co-
efficient of coverage across positive-demand units:

Zi,ke[g" 9is — ks
G, = 9
2ns Z,E]E}- 9is

When no unit receives service, GS = 1 is assigned as a
penalty convention. This measure gives equal weight to spa-
tial units and captures differences in service relative to de-
mand. It is not a measure of individual-level equity and does
not replace minimum coverage for priority groups. Scenar-
ios with zero total demand are excluded from optimization.

To coordinate the four objectives and limit performance
losses across scenarios, the model minimizes the worst
weighted scenario loss:

_ B
min  z+w3—— (10)
X112 max
LS
z 2w U +wy,— + wyG,, seS (11)
T

The weights satisfy w, = 0 and }*_, w,= 1. All objective
components are dimensionless. The pre-disaster variables X,
and r. are common across scenarios, while distribution and
shortage variables are scenario-dependent, yielding a two-
stage scenario-based robust formulation. Robustness is lim-
ited to the explicitly specified finite scenario set; no proba-
bilistic guarantee is asserted for events outside that set. This
construction is distinct from other robust formulations, in-
cluding budgeted uncertainty sets (Bertsimas & Sim, 2004).

High-risk demand coverage is reported separately as

ZielH Disqis

. D
z:’E"H ', The high-risk set IH is determined from
baseline risk using a prespecified threshold and is held con-

CH,s =

stant across methods. The measure is not reported when
high-risk units have no demand. Overall coverage comple-
ments Us, whereas coverage within the high-risk subset gen-
erally does not complement the overall unmet-demand rate.

The model contains binary decisions and a Gini ratio.
Candidate solutions can be obtained with a solver support-
ing mixed-integer nonlinear optimization or with a multi-
objective heuristic subject to explicit feasibility checks. An
NSGA-II implementation must specify how common deploy-
ment and scenario-dependent distribution are encoded,
how demand and capacity constraints are repaired, and how
the reported solution is selected from the non-dominated
set. Varying weights explores some trade-offs but does not
guarantee recovery of the complete Pareto frontier in a non-
convex problem. Minimum coverage and cost bounds can
also be varied as additional constraints. Interpretation of the
resulting solutions must account for feasibility, computa-
tional effort, and the rule used to select the reported alloca-
tion.

Results and Discussion

Data and scenario analysis

The scenario analysis uses a synthetic urban setting com-
prising six functional area types: a central urban district, a
riverside industrial area, an older residential belt, a science
and technology park, a transport hub, and a mountainous
expansion area. Five scenario types represent pluvial flood-
ing, industrial fire, transport disruption, extreme weather,
and compound disturbance, with 300 simulation samples in
total. Results are grouped into baseline risk (D1), high-
density flooding (D2), and compound risk (D3). These cate-
gories examine allocation performance under different risk
conditions; they are synthetic scenarios rather than inde-
pendently collected datasets from three actual cities.

The comparison includes uniform allocation, experience-
based allocation, a shortest-time strategy, an NSGA-II bench-
mark, and RRMA. Uniform and experience-based allocation
represent rule-based approaches; the shortest-time strategy
prioritizes response efficiency; the NSGA-II benchmark rep-
resents multi-objective allocation; and RRMA additionally
emphasizes risk responsiveness and service protection
across scenarios. Aggregate indicators are used to compare
overall strategy performance. Because the comparison does
not separately identify the contributions of resource bud-
gets, computational effort, and individual constraints, the
entire performance difference cannot be attributed exclu-
sively to robustness.

Public statistical context and scope

China’s resident-population urbanization rate reached
67.00% in 2024. Natural disasters affected people on 94.13
million occasions nationwide and caused CNY 401.11 billion
in direct economic losses (National Bureau of Statistics of
China, 2025; Ministry of Emergency Management of China,
2025). These figures illustrate the pressures associated with
population concentration and disaster losses. National dis-
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Table 1| Resource allocation performance across three synthetic scenario categories

Set Method High-risk coverage % Response time min Unmet demand % Gini

D1 Uniform 74.8 24.9 18.6 0.231
D1 Experience-based 79.2 21.5 147 0.205
D1 Shortest-time 81.6 19.0 13.5 0.221
D1 NSGA-II 86.1 17.7 9.4 0173
D1 RRMA 89.3 14.8 6.7 0142
D2 Uniform 70.5 26.3 21.2 0.246
D2 Experience-based 76.8 227 16.3 0.219
D2 Shortest-time 79.4 20.6 151 0.227
D2 NSGA-II 84.2 18.5 10.8 0182
D2 RRMA 87.9 15.6 81 0151

D3 Uniform 68.9 271 22.4 0.258
D3 Experience-based 75.6 23.4 17.0 0.226
D3 Shortest-time 77.8 21.5 15.9 0.235
D3 NSGA-II 827 19.2 11.6 0191

D3 RRMA 86.4 161 8.8 0159

Note. D1 represents baseline risk, D2 flooding, and D3 compound risk. Higher coverage is preferable; lower values are preferable for the other three measures.
Values are scenario aggregates; statistical significance markers are not reported.

aster statistics also include rural areas, however, and differ
in spatial scope from the synthetic urban setting. The statis-
tics establish the governance context, while local allocation
depends on scenario-specific demand, resources, and trans-
port conditions.

Public expenditure supports emergency preparedness,
but its translation into service performance depends on re-
source locations, usable capacity, and distribution arrange-
ments. Central public security expenditure differs in scope
from the emergency supply budget available to an individual
district. Urban allocation therefore requires a budget based
on locally available resources and an assessment of expendi-
ture against coverage, shortages, and response time.

Risk-coverage diagnosis and allocation priorities

Joint assessment of risk and coverage distinguishes allo-
cation needs within high-risk areas. Locations with high risk
and relatively good coverage require assessment of backup
facilities, inventory availability, and route redundancy. High-
risk locations with inadequate service require evaluation of
the marginal benefits of additional pre-positioning and facil-
ities. Peripheral locations with lower assessed risk but poor
accessibility may require minimume-service protection to re-
duce persistent exclusion.

Across functional area types, riverside industrial areas
and central districts require particular attention to main-
taining existing service capabilities during disruptions.
Transport hubs and older residential areas require joint con-
sideration of demand pressure and service gaps, while
mountainous expansion areas emphasize road accessibility
and basic-service protection. These distinctions guide plan-
ning, but the allocation order also depends on population
demand, capacity, cost, and cross-district assistance. A single
ranking of risk cannot determine the optimal allocation.

Allocation performance

Table 1 compares high-risk demand coverage, mean re-
sponse time, unmet demand, and the coverage Gini coeffi-
cient across five strategies and three synthetic sample cate-
gories. High-risk coverage measures service in priority ar-
eas, whereas overall unmet demand measures shortages
across the entire sample. Their denominators differ, so the
two indicators require separate interpretation.

RRMA achieves high-risk demand coverage of 89.3%,
87.9%, and 86.4% in D1, D2, and D3, respectively. Corre-
sponding mean response times are 14.8, 15.6, and 16.1 min-
utes, and unmet-demand rates are 6.7%, 8.1%, and 8.8%.
Relative to the NSGA-II benchmark, coverage increases by
3.2,3.7,and 3.7 percentage points. Response time decreases
by 2.9, 2.9, and 3.1 minutes, equivalent to reductions of
16.4%, 15.7%, and 16.1%. Unmet demand decreases by 2.7,
2.7, and 2.8 percentage points, while the Gini coefficient de-
creases by 0.031, 0.031, and 0.032. RRMA therefore com-
bines better timeliness, coverage, and service distribution
within the samples examined.

Response-time reductions range from 40.6% to 40.7%
relative to uniform allocation and from 31.2% to 31.3% rela-
tive to experience-based allocation. These differences asso-
ciate the incorporation of demand and accessibility into allo-
cation decisions with shorter response times and fewer
shortages. Although the shortest-time strategy outperforms
the two rule-based approaches, its Gini coefficients remain
above those of NSGA-II and RRMA. Prioritizing timeliness
alone is consequently insufficient to ensure an even distri-
bution of service.

From D1 to D3, coverage decreases and both response
time and shortages increase for all five methods, reflecting
the joint pressure of compound risk on resources and trans-
port. RRMA's high-risk coverage decreases by 2.9 percentage
points and its response time increases by 1.3 minutes, com-
pared with 3.4 percentage points and 1.5 minutes for NSGA-

1"
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I1. These changes support relatively favorable service perfor-
mance for RRMA in the compound scenarios examined. They
do not establish equivalent advantages under every possible
extreme event.

Cost-coverage trade-offs and governance
implications

The policy value of resource allocation lies in coordinat-
ing coverage, timeliness, and minimum-service protection
under limited expenditure. A higher budget cap expands the
feasible deployment choices, but candidate allocations may
still involve trade-offs among ordinary-condition efficiency,
protection against severe disruptions, and equity. A solution
with a shorter mean response time requires examination of
potential shortages in remote areas. A solution with better
worst-scenario performance also requires assessment of its
associated costs.

Allocation decisions should therefore report the resource
budget, unmet demand, minimum unit coverage, and re-
sponse time jointly, while specifying service floors for prior-
ity units. Areas combining high risk with substantial service
gaps warrant assessment of additional resource benefits. Ar-
eas already enjoying high coverage require evaluation of ser-
vice continuity when facilities or routes fail. Cross-district
assistance must be translated into usable capacity through
compatible resource standards, transfer authority, and clear
responsibilities.

The results support risk-responsive allocation at the
framework level. Because the analysis uses scenario aggre-
gates, it does not establish the statistical significance of sce-
nario-level differences or isolate the independent effects of
risk weights, minimum coverage, and robust protection. Ac-
cordingly, the study does not prescribe an investment
amount for a particular city or imply that every indicator im-
proves simultaneously at every budget level.

Conclusion

This study develops the RRMA framework for resource
allocation in urban public safety risk governance, connecting
risk assessment, demand generation, accessibility analysis,
and multi-objective decision-making. Explicit demand bal-
ance, budget and capacity constraints, minimum-service
protection, and finite-scenario worst-case losses provide a
common decision structure for pre-disaster deployment and
scenario-dependent distribution.

Comparisons across three synthetic sample categories
show favorable aggregate performance for RRMA in high-
risk coverage, response time, unmet demand, and service
distribution. Relative to NSGA-II, coverage increases by 3.2-
3.7 percentage points and response time decreases by
15.7%-16.4%, alongside reductions in shortages and Gini
coefficients. The findings support the joint consideration of
risk-related demand, resource accessibility, and service pro-

tection, with additional resources assessed in relation to ex-
isting coverage gaps.

These conclusions apply to the synthetic settings exam-
ined. Framework-level performance comparisons do not
substitute for independent validation of individual model
constraints. Resources are also represented as homoge-
neous service units within a single response window. Spe-
cialized-resource non-substitutability, dynamic replenish-
ment, road capacity, and institutional coordination costs re-
quire further attention. Future research can calibrate de-
mand and transport parameters in actual urban districts
and use independent scenario testing, paired statistical anal-
ysis, and ablation studies to identify the conditions under
which each mechanism contributes to performance, thereby
strengthening the basis for operational deployment.
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