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Abstract

Evacuating mobility-impaired nursing home residents during urban
emergencies requires routing and scheduling heterogeneous vehi-
cles under minute-level deadlines. We introduce the Nursing Home
Evacuation Vehicle Routing Problem (NH-Evac-VRP) with open-
ended multi-trip shuttling, split pickups, load-dependent service
times, and shelter capacities; solutions must be produced within a
hard 300 s single-thread budget. We release the Hamburg-NH-Evac
benchmark with two expert-specified scenarios: (i) an unexploded-
ordnance exclusion-zone evacuation in Altona-Altstadt (479 evac-
uees, one shelter), (ii) a storm-surge evacuation in Wilhelmsburg
(510 evacuees, three shelters), plus (iii) a synthetic stress test (1,348
evacuees, five shelters). Instances use real facility data and asym-
metric road-network travel times. Across five scenario—fleet con-
figurations, we compare a constructive dispatcher with a Genetic
Algorithm, Memetic Algorithm, and Adaptive Large Neighborhood
Search, minimizing demand-weighted average waiting time and
makespan with a shelter-overfill penalty. No method dominates:
ALNS attains the best makespan in two configurations; in the hetero-
geneous Flood-Augmented case this advantage is driven by capacity-
maximizing “sweeper” tours. MA is best in three configurations
by favoring rapid shuttle cycles, outperforming ALNS by 27 min
in the synthetic mass-transit case. We also provide a web-based
decision support system for scenario configuration, optimization,
and schedule visualization.
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1 Introduction

Urban disasters such as floods, storm surges, industrial incidents,
and unexploded ordnance necessitate the rapid evacuation of vul-
nerable populations. Nursing home residents, who are predomi-
nantly mobility-impaired and require assisted boarding, present
one of the most challenging evacuation scenarios. The logistical
complexity of moving such populations under time pressure de-
mands sophisticated planning tools capable of generating actionable
transportation plans within minutes. We therefore impose a strict
300-second (5-minute) planning budget as a hard constraint on
all optimization methods. This threshold aligns with the iterative
German command-and-control cycle [2], under which route plans
must be revised as updated situational information arrives, and
is more generous than the 180-second limit used in comparable
bus evacuation optimization [19]. The budget was corroborated as
operationally realistic by domain expertise at Hamburg’s Ministry
of the Interior and Sports.

Hamburg, Germany, motivates this work due to its dual expo-
sure to evacuation risks. First, unexploded World War II (WWII)
ordnance (UXO) is frequently discovered during construction; the
Hamburg Fire Department reports 10-20 large aerial bombs de-
fused annually [12]. Recent examples include a 1,000-pound English
bomb in Steinwerder requiring a 500-meter exclusion radius [15], a
250-kilogram bomb in Wilhelmsburg with a 300-meter radius [14],
and a 500-pound American bomb in the densely populated Stern-
schanze district [13]. These discoveries require rapid evacuation
to emergency shelters, typically schools, that provide temporary
accommodation [17]. Second, Hamburg faces flood risks from the
Elbe estuary. Approximately 45% of Hamburg’s area (342 km?) is
flood-prone, with 326,000 residents and over EUR 10 billion in as-
sets at risk [21]. Despite defenses improved since the catastrophic
1962 flood that claimed 315 lives, the hydrological context is com-
plex. While observed increases in tidal water levels are primarily
attributed to river engineering and flood defense measures rather
than meteorological changes, climate projections indicate increas-
ingly frequent extreme flood events [23]. These low-lying districts
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contain multiple care facilities requiring robust evacuation plan-
ning.

Vehicle routing for disaster response is well-studied, including
supply distribution [31], mass-casualty transport [7], and general
population evacuation [4, 20]. However, standard benchmarks like
Solomon’s instances [35] and CVRPLIB [36], and even the recent
12th DIMACS Implementation Challenge [37], primarily model com-
mercial distribution. While these initiatives successfully benchmark
variants like split deliveries in isolation, they fail to capture the dis-
tinct operational logic of institutional evacuation, a disconnect ex-
tensively documented in humanitarian logistics surveys [3, 11]. Key
distinguishing features include: (1) split pickups, mandated when
facility populations exceed vehicle capacity; (2) load-dependent
service times due to assisted boarding; (3) finite shelter capaci-
ties; and (4) open-ended shuttle topology (no return-to-depot
between trips). While these features individually appear in the Split
Delivery VRP [9], Heterogeneous Fleet VRP [24], and Multi-Trip
VRP [6], no prior formulation combines all four; the closest evac-
uation models [4, 34] cover at most three, and their interaction
(split decisions coupled with open-ended trip chaining and shelter
assignment) creates coordination challenges absent from individual
variants. Yet, despite these operational realities, major community
efforts in evolutionary computation continue to prioritize the ideal-
ized formulations found in standard benchmarks [28], highlighting
a critical gap in testing grounds for evacuation-specific constraints.

These constraints fundamentally alter the optimization land-
scape. The problem is dominated by synchronization bottlenecks,
where high service times must be balanced against the fast cycle
times of high-capacity vehicles. This necessitates coordinating a
heterogeneous fleet (mixing specialized medical transport with req-
uisitioned buses) in an open-ended shuttle topology. High demand
mandates split pickups [1], requiring multiple vehicles to cooperate
in clearing facilities while simultaneously balancing loads against
strict shelter capacities. We formally define this as the Nursing
Home Evacuation Vehicle Routing Problem (NH-Evac-VRP).

To address this, we evaluate three metaheuristic paradigms.
Genetic Algorithms (GA) have shown effectiveness on rich Ve-
hicle Routing Problems (VRPs) through specialized crossover op-
erators [5], while Memetic Algorithms (MA) hybridize evolution-
ary search with local refinement to intensify exploitation [25, 38].
Adaptive Large Neighborhood Search (ALNS) [33] offers an al-
ternative based on ruin-and-recreate operations guided by adap-
tive weights [32]. Recent surveys confirm ALNS’s flexibility [39],
yet the relative performance of population-based versus single-
trajectory methods under strict 300-second deadlines remains non-
obvious. Our experiments reveal no single method dominates (Ta-
ble 2): ALNS attains the best makespan on UXO-Specialized and
Flood—-Augmented; in Flood—Augmented, this is driven by capacity-
maximizing “sweeper” routing with buses. MA achieves the best
results on UXO-Augmented, Flood—Specialized, and Synthetic—Mass-
Transit by favoring rapid shuttle cycling, underscoring the value of
scenario-aware algorithm selection.

We address the Nursing Home Evacuation Vehicle Routing Problem
(NH-Evac-VRP) and present the following contributions:

(1) Hamburg-NH-Evac Benchmark: Two expert-designed

real-world scenarios (UXO Discovery and Flood) and one
synthetic stress-test. Scenarios utilize real travel times and
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facility data [16], validated by a municipal disaster manage-
ment professional.

(2) Algorithm Comparison: A systematic evaluation of a Con-
structive Dispatcher, GA, MA, and ALNS under an identi-
cal 300 s planning budget. We optimize the scalar objective
T =W + Ty + B - Pover (Eq. 3) and report W and Tax sepa-
rately, including statistical tests and convergence behavior.

(3) Decision Support System (DSS): An interactive tool inte-
grating scenario configuration, optimization, and visualiza-
tion. This addresses the need for interpretable outputs and
rapid what-if analysis in emergency workflows [18, 26].

The remainder of this paper is organized as follows. Section 2

defines the NH-Evac-VRP. Section 3 describes the Hamburg scenar-
ios. Section 4 presents the DSS. Section 5 details the optimization
methods. Section 6 describes the experimental design, followed
by results in Section 7, discussion in Section 8, and conclusions in
Section 9.

2 Problem Definition: NH-Evac-VRP

We formalize the NH-Evac-VRP by specifying input entities, service
time modeling, solution structure, and optimization objectives.

2.1 Inputs and Entities

The NH-Evac-VRP is defined over a set of pickup locations (nurs-
ing homes requiring evacuation), destination nodes (emergency
shelters), and a heterogeneous vehicle fleet operating on a road
network with precomputed travel times.

Travel Times. Road network travel times are obtained via the
OpenRouteService API [22] using the driving-car profile, which
accounts for road types, speed limits, and turn restrictions. We pre-
compute a complete origin-destination matrix covering the vehicle
staging area, all pickup locations, and all shelters. The resulting
matrix is asymmetric, reflecting one-way streets and directional
turn costs present in the Hamburg road network. Travel times are
treated as static throughout the planning horizon, an assumption
appropriate for incidents where evacuation occurs before major
traffic disruption or is actively managed by police traffic control,
though we acknowledge this as a limitation for scenarios involving
concurrent mass evacuation or infrastructure damage. Precomputed
matrices are released with the benchmark to ensure reproducibility.

Pickup Nodes (Nursing Homes). Each nursing home i has an as-
sociated demand d; representing the number of residents requiring
evacuation, expressed in standard patient equivalents (seats). Fa-
cility locations and capacities are drawn from the Hamburg Trans-
parenzportal [16], which provides publicly available data on li-
censed inpatient care facilities including addresses and registered
bed counts. For each scenario, the set of affected facilities is deter-
mined by the incident’s geographic extent, for example, all nursing
homes within a UXO exclusion zone or within a flood-threatened
district.

Shelters. Emergency shelters serve as evacuation destinations,
with each shelter s having a finite capacity Cs. In Hamburg, schools
are typically designated as temporary emergency shelters [17] due
to their large assembly spaces and sanitary facilities. We model
an open-ended shuttle topology: for each vehicle, the destination
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shelter of trip t is the start location of trip t+1 (i.e., trips are chained
without intermediate returns to a central depot).

Vehicles. The fleet is heterogeneous, comprising a fleet 8, where
each vehicle b € B has a distinct passenger capacity Qp expressed
in standard seat-equivalents. This abstraction allows the model
to handle a mix of low-capacity specialized transport and high-
capacity mass transit units simultaneously. All vehicles begin at
a designated staging area representing pre-positioned emergency
resources. Fleet compositions vary by scenario and configuration,
as detailed in Section 3.

2.2 Dynamic Service Time Model

Service time at each location depends on the number of evacuees
handled, reflecting the assisted boarding requirements of mobility-
impaired nursing home residents. For a vehicle picking up or deliv-
ering g evacuees, the service time is:

7(q) = 10 + agq, (1)
where 7p = 3 min accounts for vehicle positioning and paperwork,
and « = 20 s/person ~ 0.33 min/person reflects per-evacuee board-
ing assistance. This linear model, validated by a senior municipal
disaster management professional as a reasonable operational ap-
proximation, applies symmetrically to both pickup (boarding) and
delivery (alighting) operations.

For example, a vehicle collecting 7 evacuees incurs 3 + 7 X % X
5.3 min of service time at pickup, plus an equivalent 5.3 min upon
shelter delivery. At multi-stop trips, service time accumulates inde-
pendently at each facility visited.

2.3 Decision Variables and Feasibility

Let B, N, and H denote the sets of vehicles, facilities, and shelters. A

solution assigns each vehicle b € B a sequence of tripst = 1,..., Tp;

trip ¢ is a tuple (0pr, hues [(Mpur, qour)121), where oy, € {00} UH

is the origin, hy; € H the destination shelter, and (npsr, qprr) €

N X Zs the facility and collected quantity at stop r. This encodes

split pickups, multi-trip shuttling, and heterogeneous capacities.
Three hard constraints must hold:

Z Gotr = di VieN (C1)
b,t,r:nps,=i

Z Goer < Qb Vb, t (C2)

op1 =0y Vb, Ops+1 =hp Vb, t <Tp (C3)

(C1) guarantees full evacuation; (C2) enforces per-trip vehicle capac-
ity; (C3) encodes the open-ended shuttle topology. Route timings
are induced by cumulative travel and service times 7(q), defining
tf;jkuP and Tyax. Shelter capacity is a soft constraint penalized via
Pyver (Section 2.4).

2.4 Objectives and Evaluation

We report three metrics capturing distinct operational concerns:

Average Waiting Time. The average waiting time W measures
mean time from evacuation start until boarding service begins:

Wz%qutr

b,t,r

. tpickup
btr

@
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where D = }}; d; is total demand, gp;, is the number of evacuees
collected at stop r of trip ¢ of vehicle b, and ti;ikuP is the time at
which boarding begins at that stop. Under split pickups, evacuees

are counted at the start time of the stop on which they are collected.

Makespan. The makespan Ty is the time at which the last evac-
uee arrives at a shelter, representing total evacuation duration.

Shelter Overfill. The overfill penalty Poyer = ) 5cqs max(0, Ls —
Cs) sums excess load across shelters, where Ly = Y 1.5, , =5 2ur Qbtr
is the load delivered to shelter s and Cs its capacity. Aggregate
shelter capacity exceeds total demand in all scenarios, but individual
limits remain relevant (e.g., Flood: 510 evacuees across three shelters
of capacity 200). Strict feasibility corresponds to Pyyer = 0; small
overfill is tolerated but penalized.

Scalar Objective. We optimize the scalar objective:

]:W+Tmax+ﬂ'Pover’ (3)

where f = 1min/person converts shelter overflow into equiva-
lent system delay. Shelter capacity is treated as a soft constraint
reflecting operational reality: in emergencies, a shelter at 105% ca-
pacity still accepts evacuees rather than turning them away. The
penalty term discourages load imbalance while ensuring the solver
always returns a complete evacuation plan. Since aggregate shelter
capacity exceeds total demand in all benchmark scenarios, this soft
penalty proves sufficient; experimental results (Section 7) confirm
that all algorithms converge to strictly feasible solutions (Poyer = 0).

3 Hamburg Benchmark Suite

This section presents three benchmark scenarios: two expert-de-
signed scenarios based on realistic incident parameters, and one
synthetic stress-test evaluating algorithm scalability under resource
scarcity.!

All scenarios share a common vehicle pool drawn from Ham-
burg’s emergency resources. The specialized fleet comprises patient
transport vehicles (N-KTW, Notfall-Krankentransportwagen) which
are equipped similar to emergency ambulances (CEN 1789 Type B)
[8]. For the purpose of the NH-Evac-VRP model, we assign these ve-
hicles an operational capacity of 2 seat-equivalents. Multi-purpose
vehicles (MZF, Mehrzweckfahrzeuge) are modeled with a capacity
of 7. The augmented configuration adds requisitioned public tran-
sit buses. To ensure safety for mobility-impaired passengers, we
define strict operational capacities below manufacturer maximums:
40 for standard buses (vs. ~106 total [30]) and 80 for articulated
buses (vs. 199 total [29]). This conserves space for medical staff
and mobility aids while preventing overcrowding. We evaluate
five scenario-fleet configurations with per-round capacities of 22
(UXO-Specialized), 62 (UXO-Augmented), 107 (Flood—Specialized),
187 (Flood-Augmented), and 240 (Synthetic-MassTransit).

3.1 Scenario I: UXO Discovery (Altona-Altstadt)

This scenario models the discovery of unexploded ordnance (UXO),
specifically a 500-pound World War II aerial bomb at coordinates

1Scenario definitions, fleet configurations, precomputed travel-time matrices, algo-
rithm implementations, and reproduction scripts (including random seeds) are avail-
able at https://github.com/NickAlexx/Hamburg-NH-Evac-benchmark. An archival
snapshot is deposited at Zenodo (DOI: https://doi.org/10.5281/zenodo.19474435).
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(53.5592°N, 9.9592°E) in the Altona-Altstadt district, a recurring
event in Hamburg [12]. The exclusion zone encompasses all resi-
dents within a 300 m radius of the discovery site.

Three nursing homes fall within the exclusion zone, with de-
mands of 199, 80, and 200 residents (479 total, visualized in Figure 1).
A single designated emergency shelter with capacity 500 serves
as the destination. This configuration represents a dense urban
scenario with short travel distances, removing the load-balancing
constraint present in multi-shelter scenarios.

Fleet configurations:

o Specialized: 4 N-KTW (capacity 2) + 2 MZF (capacity 7) = 22
seats per round

o Augmented: Specialized fleet + 1 Bus (capacity 40) = 62 seats
per round

The specialized fleet requires approximately 22 fleet rotations
to evacuate all residents, creating a throughput-limited scenario
where augmentation with a single bus nearly triples per-round
capacity.

3.2 Scenario II: Flood (Wilhelmsburg)

This scenario models a storm surge affecting Wilhelmsburg, a low-
lying district on the Elbe river island. The low-lying urban district
was devastated by the 1962 North Sea flood that claimed 315 lives
in Hamburg [27]. All four nursing homes in the district require
evacuation, with a combined demand of 510 evacuees.

Unlike the UXO scenario, evacuees must be distributed across
three school shelters:

e Schule Miimmelmannsberg (capacity 200)
o Alexander-von-Humboldt-Gymnasium (capacity 200)
o Schule Maretstrafle (capacity 200)

Although aggregate shelter capacity (600) exceeds demand (510),
individual shelter limits still apply. Algorithms must balance loads
across destinations, as naive greedy assignment to the nearest shel-
ter would overload individual facilities. Shelters must be sited on
higher ground outside the flood zone, creating substantial travel
distances.

Fleet configurations:

o Specialized: 22 N-KTW (capacity 2) + 9 MZF (capacity 7) =
107 seats per round

o Augmented: Specialized fleet + 2 Buses (capacity 40) = 187
seats per round

3.3 Scenario III: Synthetic-MassTransit

This synthetic scenario stress-tests algorithm performance under
resource scarcity and high vehicle utilization. It encompasses 9
facilities across the Wilhelmsburg and Harburg districts with a
combined demand of 1,348 evacuees distributed across 5 shelters
(total capacity 1,700).

The fleet consists of only 3 articulated buses (capacity 80 each),
providing 240 seats per round. This configuration forces vehicles
into extended duty cycles with approximately 6 complete shuttle
rotations required, testing algorithms’ ability to optimize packing
efficiency and minimize deadhead travel over long planning hori-
zons.
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Fleet configuration:
o MassTransit: 3 articulated buses (capacity 80) = 240 seats per
round

4 Decision Support System

To bridge algorithmic output to operational use, we developed a
web-based decision support system enabling emergency planners
to configure scenarios, execute optimization, and interpret results
within a unified interface.

The system provides three predefined scenario presets: UXO
discovery, flood, and synthetic stress-test. Each loads appropriate
facility sets, shelter locations, and fleet configurations. Planners
can modify these defaults by adjusting exclusion zone radii, adding
or repositioning shelters via map interaction, and configuring het-
erogeneous fleets with per-vehicle capacities and custom starting
positions. Advanced settings expose service time parameters (base
time 7y and per-person duration «), enabling scenario-specific cali-
bration. Algorithm selection (Dispatcher, GA, MA, or ALNS) and
time budget are specified before execution.

=
.

2 Ring2 x &
. Vehicle 6 Cap: 40
¥ -
5“%‘ 1 #W’ [@ Tipo0
5 = . % @ 00-280min |
P 20 E
7 g 40 evacuees |

3 8 ## Start: Custom Coord
= End: Notunterkunft ]

S, ® Stops (1):

+ LippmannstraBe 19

<-r200m

== | eaflet | © OpenStreetMap contributors

Figure 1: DSS map view of the UXO Discovery scenario show-
ing the exclusion zone, affected nursing homes, shelter, and
staging area (V0-6). A selected route is highlighted with trip
details. (Map data: © OpenStreetMap contributors).

Visualization integrates an interactive map displaying facility
markers, shelter locations, and color-coded vehicle routes (Figure 1);
hovering over routes reveals trip details. The interface also provides
a Gantt-style timeline showing per-vehicle trip schedules and a
route summary modal with text descriptions for field coordination.

The system enforces the specified optimization budget. Shelter
overfill, if any, is reported explicitly and enters the objective via
Pover (Eq. 3). The complete interface, including fleet configuration



Nursing Home Evacuation: Hamburg Benchmark and Metaheuristic Comparison

and timeline panels, is documented in the supplementary repository.
While the interface design was informed by discussions with munic-
ipal emergency management personnel, formal usability evaluation
remains future work.

5 Optimization Methods

We address the operational constraints of the NH-Evac-VRP us-
ing a Constructive Dispatcher baseline and three metaheuristic
paradigms: GA, MA [38], and ALNS [33]. This selection covers
dominant approaches in VRP literature [10, 39]. All methods oper-
ate on a common representation where each vehicle is assigned a
sequence of trips specifying origin, destination, and ordered pickup
stops. This supports split pickups, multi-trip routing, and heteroge-
neous fleets, with fitness computed via Equation (3).

5.1 Constructive Dispatcher Baseline

The Constructive Dispatcher models the behavior of an experienced
human coordinator with perfect information: full knowledge of
demand, travel times, and shelter capacities. It operates in event-
driven fashion: the vehicle with earliest availability is assigned to
the nearest facility with remaining demand. If the resulting load
falls below 60% capacity, a second stop minimizing detour is added.
Vehicles deliver to the nearest shelter with sufficient capacity. This
greedy process repeats until all demand is satisfied. Despite its
simplicity, this baseline produces strong solutions by emulating
rational dispatching decisions; it serves as the seed solution for the
metaheuristics and provides a meaningful performance floor.

5.2 Genetic Algorithm (GA)

The GA maintains a population of 200 individuals evolved through
selection, crossover, and mutation. The initial population combines
a Constructive Dispatcher seed, mutated variants, and random so-
lutions. Tournament selection (size 3) chooses parents. Crossover
uses a hybrid strategy combining capacity-compatible sub-schedule
exchange, best-trip injection, and a temporal time-slice swap; ex-
tracted trips are reinserted greedily.

Six mutation operators provide neighborhood exploration: intra-
trip swap reorders stops within a trip; relocate stop moves stops
between trips; add/remove trip adjusts solution structure; change
depot modifies shelter assignments; swap trips exchanges trips be-
tween vehicles; spatial ruin-recreate removes and reinserts spatial
clusters. A repair function restores feasibility after each operation,
ensuring demand satisfaction, capacity compliance, and depot con-
nectivity.

5.3 Memetic Algorithm (MA)

The MA extends the GA with local search applied to selected in-
dividuals. A portfolio of 15 operators targets different solution
aspects, including: sequence optimization (intra_trip), inter-trip
moves (relocate, swap_stops, move_trip), depot reassignment
(change_depot), trip restructuring (consolidate, split_mixed),
makespan reduction (balance_makespan, takeover_gap), and pack-
ing efficiency (crumb_extract, self_consolidate).

Operators are scheduled adaptively based on improvement-per-
second; those failing to improve are temporarily disabled. Operator
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weights shift across the optimization timeline: early phases empha-
size structural changes, late phases emphasize makespan reduction
and consolidation/packing. Local search is applied selectively to
maintain generational throughput: elites receive longer budgets
(60ms), random offspring shorter budgets (30ms).

5.4 Adaptive Large Neighborhood Search
(ALNS)

ALNS iteratively modifies a single solution through destroy-and-
repair operations with adaptive operator selection. It initializes from
the Constructive Dispatcher solution with several diversification
“shakes.”

Six destroy operators remove 8-28% of stop-entries: random pro-
vides unbiased diversification; route removal eliminates entire trips;
worst detour targets inefficient stops; Shaw relatedness removes
spatially related clusters; node cluster removes all visits to a geo-
graphic region; bottleneck targets the latest-finishing vehicle. Three
repair operators reinsert demand: greedy minimizes immediate cost;
regret-2 and regret-3 prioritize requests that would suffer most from
suboptimal placement.

Operator weights update based on outcome quality (new best,
improvement, or accepted). Simulated annealing acceptance allows
uphill moves with probability decreasing over time (cooling rate
0.999); temperature reheats after prolonged stagnation.

6 Experimental Design

We detail the computational infrastructure, evaluation protocols,
and statistical framework used to benchmark the algorithms under
the strict 300-second operational time budget.

6.1 Computational Setup

All experiments were conducted on a workstation equipped with
an AMD Ryzen 5 2600X CPU (6 cores, 3.6 GHz) and 32 GB of RAM,
running Microsoft Windows 11 Pro (Build 26200).

The optimization algorithms were developed as a custom im-
plementation in Python 3.11.0 to allow for specialized heteroge-
neous fleet operators. Key computational libraries included numpy
(v1.26.4) for matrix operations and metric calculations. Statistical
validation was performed using scipy (v1.15.3). Travel time matri-
ces were queried using the openrouteservice client (v2.3.3). Each
algorithm instance was restricted to a single CPU thread.

6.2 Evaluation Protocol

We evaluate five scenario-fleet configurations: UXO-Specialized,
UXO-Augmented, Flood—Specialized, Flood—Augmented, and Synthet-
ic—=MassTransit. Each of the four algorithms (Dispatcher baseline,
GA, MA, ALNS) was executed under a strict 300-second optimiza-
tion budget. Travel time matrices were precomputed via Open-
RouteService prior to experimentation and excluded from the time
budget to ensure fairness and reproducibility; all algorithms re-
ceived identical cached matrices. Each stochastic algorithm (GA,
MA, ALNS) was run 30 times with deterministic seeding to enable
statistical comparison.
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6.3 Metrics Reported

We report three primary metrics: average waiting time w, makespan
Tmax, and total cost J as defined in Equation (3). Convergence
efficiency is measured as the wall-clock time required to reach
95% of each run’s total improvement (i.e., the first time J(t) <
Jo = 0.95(J — J*)), where J, is the initial cost and J* is the final
best cost at termination.

6.4 Statistical Testing

To assess significance among stochastic methods, we apply paired
Wilcoxon signed-rank tests (one-sided, @ = 0.05) with runs matched
by random seed. The deterministic Dispatcher baseline is excluded
from statistical comparison. Within each scenario—fleet configura-
tion and metric, we identify the best-performing stochastic method
by lowest mean over 30 runs, then test whether each remaining
stochastic method is significantly worse. With three stochastic algo-
rithms (GA, MA, ALNS) across five configurations and three metrics,
this yields 5 X 3 X 2 = 30 pairwise tests. We apply Holm-Bonferroni
correction globally across all 30 tests to control the family-wise
error rate. In Table 2, results marked with * indicate statistically
significant inferiority to the best result (p < 0.05 after correction).

6.5 Parameter Settings

Table 1 summarizes key algorithm parameters. All parameters were
held fixed across all scenarios (no scenario-specific retuning).

Table 1: Algorithm parameter settings.

Algorithm Parameter Value
Population size 200
Crossover rate 0.8
GA/MA Mutation rate 0.2
Tournament size 3
Destroy fraction 8-28%
ALNS S'egment length . ' 50
Simulated annealing cooling rate  0.999
Regret-k k € {2,3}
MA only LS budget (elite/offspring) 60/ 30 ms

7 Experimental Results

We compare algorithm performance, analyze emergent routing
strategies, and examine convergence behavior and model sensitiv-

ity.

7.1 Performance Overview

Table 2 summarizes the performance of the Constructive Dispatcher
baseline, GA, MA, and ALNS across the five scenarios.

The results demonstrate that no single algorithm dominates
across all operational contexts. The ALNS achieves the best Makespan
in the UXO-Specialized and Flood—Augmented scenarios, efficiently
managing complex packing constraints. However, the MA domi-
nates the Synthetic—-MassTransit scenario, outperforming ALNS by
27 minutes in Makespan (480.7 min vs. 507.2 min). The GA proves
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competitive in the UXO-Augmented and Flood—-Specialized scenar-
ios, often striking a balance between cost and consistency.

Notably, in the Synthetic—-MassTransit and Flood—-Specialized sce-
narios, ALNS did not consistently improve upon the Dispatcher
baseline within the 300 s budget (Table 2). This suggests that in
settings where near-direct shuttling is already close to throughput-
optimal, packing-oriented ruin-and-recreate moves can introduce
structural inefficiencies. Consistent with the rapid plateauing ob-
served (Table 3), these runs often stabilized early, motivating a
do-no-harm deployment rule that returns the better of the Dis-
patcher and metaheuristic outputs (Section 8).

Table 2: Performance comparison (mean =+ std. dev. over 30
runs; times in minutes). All solutions achieved Pyyer = 0. Bold
indicates best result. () denotes statistically significant inferi-
ority to best stochastic method (paired Wilcoxon signed-rank,
one-sided, Holm-Bonferroni corrected, p < 0.05). Dispatcher
is deterministic and excluded from statistical tests.

Scenario Method Avg Wait Makespan Total Cost
Dispatcher 224.5+0.0 478.7+0.0 703.2 % 0.0
UXO0 GA 2249+ 0.3 4773 + 1.4* 702.2 + 1.4*
Specialized MA 2250 £0.5 4733 +1.9* 698.3 + 1.9*
ALNS 2253+ 1.0 4715+ 15 696.8 + 1.9
Dispatcher 1152 +0.0 259.3+0.0 3745 = 0.0
UXO0 GA 1144 + 0.4 2491+17 3635+ 19
Augmented MA 1143 + 0.4* 2483+ 14 362.6 = 1.5
ALNS 113.9 £ 0.5 2515+ 0.4* 365.4 + 0.4*
Dispatcher 100.4 +0.0 244.0 +0.0 344.4+0.0
Flood GA 100.6 + 0.4 2295+1.6 330.1+15
Specialized MA 100.6 £ 0.4 2293+ 1.5 329.9 + 1.2
ALNS 109.0 + 1.2 243.1+2.7* 3525 + 2.6*
Dispatcher 66.2+0.0 182.4+0.0 248.6+0.0
Flood GA 65.8 £0.7 177.4+1.9* 2432+ 2.1
Augmented MA 65.4+0.2 174.0+3.1% 239.4+3.1*
ALNS 685+ 08" 1617 +2.7 230.3 +3.0

Dispatcher 203.0 £0.0 4959+0.0 698.9 0.0
Synthetic GA 201.6 + 1.0* 482.8 +2.1* 684.4 + 2.7*
MassTransit MA 201.0 + 0.7 480.7 + 1.3 681.8 + 1.1

ALNS 215.1 £5.7* 507.2 + 7.6* 722.3 + 12.4*

7.2 Forensic Analysis of Routing Strategies

To understand the drivers of these performance differences, we
analyzed the routing topology using the average stops per trip as a
behavioral proxy. In the UXO scenarios, high demand density forced
a convergence of strategies: both MA and ALNS adopted direct
shuttling (avg. 1.0 stops/trip) to maximize throughput over short
distances. However, significant behavioral divergence emerged in
the dispersed scenarios. To illustrate these structural differences,
Figure 2 shows example schedules illustrating the contrasting strate-
gies.

The “Sweeper” Effect (Flood—Augmented). In this heterogeneous
scenario, ALNS outperformed MA by using high-capacity buses
(Capacity 40) to consolidate dispersed demand. As visualized in the
top panel of Figure 2, ALNS frequently assigned buses to multi-stop
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Figure 2: Gantt schedules comparing MA and ALNS on Flood-
Augmented (top) and Synthetic-MassTransit (bottom); for
readability, only a representative subset of vehicles is shown
in the top panel. Solid bars denote MA; dashed-outline bars
denote ALNS. Vertical lines mark the makespan Ty« for each
method. Numbers inside bars denote pickup quantities; the
x-position of the labeled segment indicates the time at which
the corresponding stop is served.

tours; averaged across all 30 runs, buses performed 1.56 stops/trip
under ALNS compared to 1.22 under MA. For instance, Vehicles 31
and 32 are shown collecting fragmented groups (e.g., 35, 3, and 2
passengers) in single runs. While this increased the cycle time of
individual buses, it had a decisive impact on workload balancing.
By using buses to “sweep” dispersed remainders, ALNS kept the
high-capacity fleet active for longer, preventing the small-capacity
fleet (Capacity 2-7) from becoming the bottleneck. In contrast, the
MA favored single-source pickups for buses. Consequently, high-
capacity buses often finished their schedules early, unable to find
full loads, while the small fleet was forced to perform dispropor-
tionately many trips to clear the remaining fragmented demand,
significantly extending the global Makespan.

The “Milk Run” Trap (Synthetic—MassTransit). In the homoge-
neous large-bus scenario, the ALNS packing strategy proved detri-
mental (Figure 2, bottom). Logs show ALNS buses frequently per-
forming multi-stop tours (often 3-4 pickups) to fill the final 10-20
seats, driving the average up to 1.37 stops/trip. The figure high-
lights a specific instance where an ALNS bus chains pickups of
37, 8,9, and 26 passengers. Given the significant travel distances
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and fixed per-stop service overhead (rp = 3 min), these “milk runs”
increased cycle time disproportionately to the capacity gained. Av-
eraged across all 30 runs, ALNS produced 1.37 stops/trip versus
1.28 for MA, with utilization of 99% versus 93%. The MA instead
favored predominantly single-stop shuttles, accepting lower utiliza-
tion in exchange for rapid vehicle turnover, resulting in a superior
Makespan (480.7 min vs. 507.2 min).

Over-Optimization of Small Fleets (Flood—Specialized). In the spe-
cialized fleet scenario, ALNS exhibited a tendency to maximize
fill rates even for small vehicles (Capacity 2), resulting in 1.05
stops/trip for ambulances compared to 1.00 for the MA. We ob-
served ambulances performing 2-stop tours to collect single indi-
viduals from distant locations. In this dispersed setting, the “detour
cost” to collect a single additional passenger significantly degraded
the fleet’s effective throughput compared to the MA’s direct-shuttle
approach.

7.3 Convergence Behavior

Table 3 reports the mean time required to reach 95% of each run’s
total improvement. For ALNS, convergence timing is diagnostic
in this benchmark: in scenarios where ALNS achieves the best re-
sults (UXO-Specialized, Flood—-Augmented), improvements continue
late into the time budget (212.8 s and 275.4 s), whereas in scenarios
where it performs poorly (Synthetic-MassTransit, Flood—Specialized)
the search often plateaus early (77.0 s and 147.1s). MA converges
quickly across all scenarios while maintaining consistently compet-
itive performance.

Table 3: Convergence behavior. Mean time (seconds) over 30
runs to reach 95% of each run’s total improvement. For ALNS,
later convergence coincides with better final solutions in this
benchmark.

UXO0 Flood Synth
Method Spec. Aug. Spec. Aug. Mass.
GA 197.7 81.2 153.4 1722 109.0
MA 184.8 133.5 116.0 156.6 69.5
ALNS 212.8 107.7 147.1 2754 77.0

7.4 Ablation: Service Time Modeling

To assess sensitivity to service time modeling, we compared static
versus dynamic formulations on the Synthetic-MassTransit scenario.
The static model applies a fixed penalty based on vehicle capacity
(r = 70 + a - Qp), while the dynamic model scales with actual load
(r(q) =19+ - q).

Under static service times, the Dispatcher baseline cost increased
from 698.9 to 793.2 (+13.5%), as partial-load trips incur full-capacity
penalties regardless of actual load. For example, a trip collect-
ing 21 then 59 passengers pays 2 X 30 min under static versus
10 min + 23 min under dynamic. The MA achieved 764.6 + 5.9 (10
runs), improving over the Dispatcher by 3.6% compared to 2.4%
under dynamic times. This widening gap reflects baseline degrada-
tion rather than algorithmic improvement: the Dispatcher’s greedy
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partial-load trips are disproportionately penalized under static as-
sumptions. We report all primary results under dynamic service
times as the operationally realistic and conservative setting.

8 Discussion, Limitations, and Future Work

Across scenarios, performance is driven less by instance size than
by fleet heterogeneity, spatial dispersion, and fixed per-stop
overheads (7)) that trade vehicle utilization against cycle time.

8.1 Proximity to Structural Bounds

Before analyzing behavioral differences, we note that the magnitude
of achievable improvement is structurally constrained in several
scenarios. The modest performance gaps in UXO-Specialized (0.9%
between Dispatcher and ALNS) reflect this reality rather than al-
gorithmic weakness. Routing improvements can only reduce the
travel component, which represents just over half of trip duration:
for a 7-passenger MZF trip, travel requires 12.0 min versus 10.6 min
for boarding and alighting, leaving limited scope for optimization.

As a sanity check, we estimate a throughput-based floor on
makespan. Each vehicle type has throughput r, = Qp/t, where
Qp is capacity and t; is a representative round time (travel plus
service). For N-KTW (Q=2, t~19.3 min): r~0.10 pax/min; for MZF
(Q=7, t~22.6 min): r~0.31 pax/min. Summing across the fleet yields
4x0.10+2x0.31 = 1.01 pax/min, suggesting a duration on the order
0f 479/1.01 ~ 474 min—though this ignores first-leg overhead and
discrete packing losses. The best observed makespan (471.5 min)
falls in this range, consistent with algorithms operating in a regime
of diminishing returns.

8.2 The Packing vs. Latency Trade-off

Across instances we observe a packing-latency trade-off driven by
fixed stop overheads (rp) and heterogeneous bottlenecks. MA tends
toward direct shuttles (“block mover”), whereas ALNS more often
consolidates residual demand via multi-stop tours (“sweeper”).

In Synthetic—-MassTransit, additional stops (ALNS: 1.37 vs. MA:
1.28 stops/trip) incur repeated 7, and increase tour time more than
they improve utilization, so MA wins by higher turnover. In Flood-
Augmented, bus sweeping (ALNS: 1.56 vs. MA: 1.22) reduces frag-
mented demand left to the small-capacity fleet and thus lowers the
system bottleneck, improving makespan despite longer bus tours.

8.3 Operational Recommendations

Based on the distinct performance profiles observed, we derive

three key guidelines for operational deployment:
(1) Mass Evacuation (Buses Only): Consistent with the No
Free Lunch perspective that algorithm performance depends

on instance structure [40], we find that simple cycle-maximization

(MA) outperforms packing-oriented logic in homogeneous
contexts. Planners should prioritize direct shuttling here.
(2) Mixed Fleet Operations: ALNS provides superior “sweep-
ing” capability for dispersed demand. Notably, slow ALNS
convergence (Table 3) correlates with strong final perfor-
mance, indicating sustained search rather than computa-
tional inefficiency. Conversely, fast ALNS convergence sig-
nals early entrapment in suboptimal structures such as the
“milk run” pattern; in such cases, the MA solution should
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be preferred. Extended time budgets may benefit scenarios
exhibiting late ALNS convergence.

(3) Baseline Preservation: As ALNS does not consistently
improve upon the Dispatcher baseline in all configurations
(e.g., in Synthetic—MassTransit), the DSS should enforce a
non-degradation rule, returning the better of the constructive
plan and the metaheuristic output.

8.4 Limitations and Future Work

Several limitations warrant acknowledgment. Travel times are
treated as static throughout the planning horizon. This assumption
is appropriate for two operational contexts: acute response where
evacuation proceeds before significant traffic disruption develops,
and strategic resource planning where planners assess fleet ade-
quacy and pre-position assets based on typical network conditions.
However, static times are inadequate for reactive evacuation during
ongoing disruption where congestion, road closures, or infrastruc-
ture damage dynamically alter travel conditions.

Evacuee heterogeneity is simplified: the model treats all nursing
home residents as homogeneous seat equivalents, though in reality
mobility levels vary significantly. Wheelchair users require differ-
ent vehicle configurations than stretcher-bound patients, who also
need medical assistance and repositioning before transport (~10
min/patient), overheads not captured in our uniform service-time
model. Only nursing homes are considered; hospitals, assisted liv-
ing facilities, and other care institutions with distinct evacuation
characteristics remain out of scope.

Additionally, shelter capacity constraints did not bind tightly in
our scenarios; stress-testing with scarcer shelter resources would
exercise the load-balancing mechanisms more rigorously.

Future work should address several extensions. Incorporating
stochastic travel times and scenario uncertainty would improve
robustness. Dynamic replanning is essential for operational use:
the optimizer should accept partially-executed states (vehicles mid-
route with known positions and current loads) and warm-start
reoptimization as situational awareness evolves, enabling continu-
ous adaptation rather than single-shot optimization. Formal usabil-
ity evaluation of the DSS with emergency management personnel
would validate interface design decisions. Finally, extending the
benchmark to additional cities and incident types would test appli-
cability across diverse urban contexts.

9 Conclusion

We formalized the NH-Evac-VRP, introduced the Hamburg-NH-
Evac benchmark comprising two expert-designed scenarios and a
synthetic stress-test, and provided a web-based DSS for scenario
configuration, optimization, and schedule visualization. Under a
strict 300-second budget, no single algorithm dominated, under-
scoring the value of scenario-aware algorithm selection.
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