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Purpose. This corrigendum replaces selected narrative claims in the submitted PDF. Archived simulation point estimates
are frozen (200-run matrix CSVs unchanged). Code fixes are documented in package ERRATA.md and implemented under
mcp-sumo-flood/. Where the PDF and this corrigendum conflict, this corrigendum prevails for viva and re-assessment.

1. Status summary

Retained (descriptive): Marina South, H = 2.5 m, GPS-off (table label “DUE-off” ), agent A1 vs AO: mean RTA
186.17 — 70.40 (-62.2%), direction consistent on all 5 seeds (9001-9005).

Withdrawn: family-wise significance stars (* / **) on Table 5.1; Abstract / §7 claims of p < 0.01 under Wilcoxon +
Holm-Bonferroni at n = 5; Table 5.2 “Holm p < 0.01" with raw p = 0.063; Cohen d = +8.4 as pooled d; identity
of Eg. 4 with Pregnolato (2017) absolute calibration; “DUE" as solved Sheffi equilibrium; NFIP TB-2 as
vehicle-stability authority; incomplete Open-TI authorship.

Code (already fixed in package): default SDF_ MODEL=pregnolato (Eq. 4) + DEPTH_CLOSE_CM=50; trigger depth
unit bug removed; portable phase2 scripts; persona paper-name map. Archived CSVs remain legacy piecewise
physics — do not claim byte-replay of RTA = 70.4 under new defaults.

2. Corrected Abstract — Findings F1-F3

Replace the “Three principal findings...” paragraph (and related p < 0.01 phrasing) with:

Three principal findings emerge. (F1) GPS/ATIS-proxy re-routing via SUMO devi ce. r er out i ng alone accounts
for a large share (about 57-81%) of attainable disruption mitigation under the tested matrix; in 7 of 8 GPS-on
cells, agent-versus-AO contrasts do not attain family-wise significance under the pre-registered nonparametric
pipeline (paired Wilcoxon signed-rank + Holm-Bonferroni). With n = 5 paired seeds, the two-sided Wilcoxon
exact p-value cannot fall below 0.0625, so Holm adjustment cannot produce p < 0.05 for any single contrast
under this pipeline. (F2) Under GPS-off stress, the rule agent A1 attains mean A RTA = -62.2% at Marina H =
2.5 m (5/5 seeds directionally consistent; Wilcoxon two-sided p = 0.0625, n = 5; paired t p = 107>; not
FWER-significant under Wilcoxon+Holm, Holm-adjusted p > 0.25 for a four-agent-versus-AO family). The same
A1 specification in sparse Kent Ridge yields only -2.1% to —3.0% (NS). (F3) In Kent Ridge, LLM agents A2 and
A5 attain comparable RTA at 4-13x fewer reroute actions, indicating efficiency / abstention rather than a large
resilience gain relative to AO. Policy implication: prioritise GPS/ATIS infrastructure; treat agent intervention as a
topology-matched contingency layer.

Keywords (replace “dynamic user equilibrium” ): flood resilience, multimodal transport, microscopic
simulation, SUMO, large language models, GPS/ATIS-proxy re-routing, SUMO device.rerouting, Singapore,
climate adaptation.

3. Corrected Table 5.1 (stars removed)

Table 5.1 — Network-level RTA (mean over n = 5 seeds). Column "“DUE on/off” = SUMO devi ce. rerouting
GPS/ATIS-proxy probability (1/0), not a solved Sheffi DUE.

KR H=2.5 GPS-off 139.1 135.0 136.1 131.3 130.5 -3.0%
KR H=2.5 GPS-on 45.2 55.0 54.9 50.2 50.2 +21.7%
KR H=5.0 GPS-off 132.6 129.8 129.1 126.1 125.5 -2.1%
KR H=5.0 GPS-on 56.2 59.3 56.5 55.9 55.3 +5.6%
Marina H=2.5 GPS-off 186.2 704 182.4 182.7 181.8 -62.2%
Marina H=2.5 GPS-on 42.3 385 39.8 393 375 -9.1%
Marina H=5.0 GPS-off 213.8 147.7 2129 213.5 209.4 -30.9%

Marina H=5.0 GPS-on 91.0 90.2 91.9 91.3 91.7 -0.9%



Notes (replace old * / ** footnote entirely). Values are means over n = 5 fixed seeds. A1-vs-A0 is descriptive % change. No
family-wise significance stars are shown. Under paired Wilcoxon (two-sided), minimum exact p at n = 5 is 0.0625;
Holm-Bonferroni (m = 4 agent-vs-AQ contrasts) only increases p and cannot yield p < 0.05 under this pipeline. Showcase
tests: Table 5.2 and phase2/ st ats_errat a_t abl e5. csv. Archived physics = legacy piecewise SDF (ERRATA E2-E3).

4. Corrected Table 5.2 — Marina H = 2.5 GPS-off

Primary pipeline: paired Wilcoxon + Holm (m = 4). Paired t and d_z are secondary only — do not mix t-based stars
onto Wilcoxon columns.

A0 - A1 +115.8 -62.2% 0 0.0625 0.03125 >0.25 NS ~1.0e-5 ~+12.3
A0 - AT+ ~+38 =-2.0% 5 0.81 — 0.81 NS — ~+0.7
A0 - A2 ~+3.5 =-1.9% 5 0.81 — 0.81 NS — ~+0.6
AO - A5 =+4.4 ~=2.4% 5 0.81 — 0.81 NS — =+0.7

For AO-AT1 all five paired differences are positive, so two-sided Wilcoxon exact p = 274 = 0.0625. Holm with m = 4 gives
adjusted p > 0.25 (NS at o = 0.05 FWER). The prior “raw p = 0.063 with Holm p < 0.01" is logically impossible and is
withdrawn. Paired Cohen d_z = mean(A)/sd(A) = +12.3 (withdraw +8.4 if it was pooled d).

Figure 4 caption (replace significance clause): Marina A1 at H = 2.5 m GPS-off shows the only large, directionally
consistent agent effect (mean A RTA = -62%, 5/5 seeds). Under Wilcoxon+Holm at n = 5 it is not family-wise
significant (p = 0.0625; Holm > 0.25).



5. Methods terminology and Eq. 4

5.1 GPS/ATIS-proxy (not Sheffi DUE)

The experimental factor labelled “DUE on/off” in tables denotes SUMO - - devi ce. rerouting. probability
€ {1, 0}: periodic myopic re-routing as a GPS/ATIS proxy. It is not a solved Dynamic User Equilibrium fixed point
(e.g. dualterate). Policy discussion of “information saturation” should be framed as near-universal
navigation-app adoption, not as formal Sheffi DUE optimality.

5.2 Eq. 4 / depth—speed map

Eq. 4 is a thesis-normalised multiplicative map v(d) = v_free - max(0, 1 - k d?), k = 9><1O_4, d in cm, adapted
from Pregnolato et al. (2017, TR Part D 55:67-81). The original Pregnolato fit is an absolute quadratic
speed—depth curve (operationally near zero around ~300 mm), not identical to Eq. 4. Post-errata code default:
SDF_MODEL=pregnolato, DEPTH_CLOSE_CM=50. Archived Tables 5.x / phase2 CSVs used legacy piecewise SDF
(closure 40 cm) and a historical trigger-unit bug (ERRATA E2-E3). Do not treat archived RTA as byte-identical
under new defaults without re-running.

5.3 Persona mapping (paper O code)

cautious conservative 5 0.95
average standard 10 0.50
aggressive aggressive 15 0.20
professional commuter 12 0.60
elderly stranger 8 0.30

6. Contributions and Findings labelling

Introduction  retains  Contributions C1-C4 (softened): C1 = reproducible Singapore-calibrated
DEM-bathtub-SUMO integration (not new coupling theory); C2 = 200-run matrix with tests, n = 5 limits FWER
claims; C3 = fixed-route bus class + per-class RTA (not full multimodal resilience); C4 = empirical

topology-conditional pattern. Conclusions use Findings F1-F4 only (do not reuse C for findings). Soften HDLF as
experimental ladder / hybrid control stack.

7. Reference corrections

Open-TI (arXiv:2401.00211): Longchao Da, Kuanru Liou, Tiejin Chen, Xuesong Zhou, Xiangyong Luo, Yezhou
Yang, Hua Wei (2024). Withdraw “Da, Mei & Tang” and incomplete Mei/Mostafi lists.

NFIP Technical Bulletin 2: addresses Flood Damage-Resistant Materials (buildings), not vehicle stability in
floodwaters. Withdraw TB-2 as vehicle-stability authority for 50 cm closure. Prefer Shand et al. (2011) ARR
Project 10 and Pregnolato et al. (2017) for depth—disruption / stability discussion.

8. Discussion / policy (one paragraph)

When private vehicles already re-route myopically on perceived travel times (GPS/ATIS-proxy via
device.rerouting), the measured marginal RTA reduction from an external flood-aware agent is small in most
GPS-on cells. The large A1 effect at Marina GPS-off remains a descriptive, topology-conditional result (5/5
seeds; Wilcoxon p = 0.0625; Holm NS). Policy: prioritise GPS/ATIS; agents as contingency under high
redundancy and low navigation uptake. Strict FWER confirmation requires larger n (target >15-20 per primary
cell) or a pre-registered single primary contrast.

9. How to verify without re-running SUMO

Level-1: open ntp-suno-fl ood/ phase2/bus_matrix_FI NAL. csv, stats_errata_table5.csv, and raw
bus_mari na_h25_due00_a0.csv / ..al.csv. Level-2 (optional): single-cell ~smoke under
PHYSICS MODE=archive or paper — do not overwrite archive CSVs. Unit tests: python
ncp- suno-fl ood/ test _sdf _and_tri gger. py.

10. Viva opening (90 s) — ownership script

After submission | wrote ERRATA.md. Point estimates frozen: Marina H=2.5 GPS-off, A1 reduces mean RTA by
-62.2% (186.17—70.40), 5/5 seeds. Inference rewritten: n=5 Wilcoxon two-sided floor p=0.0625; Holm only
increases p — stars and Holm p<0.01 impossible; removed stars; large descriptive effect; paired t=100°



separate, not mixed as Wilcoxon stars; Holm>0.25 NS. Code default=pregnolato+50 cm+cm trigger;
archive=piecewise+40+triggerx100 bug — no byte-replay of 70.4; Level-1=CSV only. DUE label=SUMO
device.rerouting GPS/ATIS-proxy, not Sheffi dualterate. Policy: prioritise GPS/ATIS; agents as topology-matched
contingency.

End of corrigendum. Package paths: ERRATA.md - improvements/ - mcp-sumo-flood/phase2/stats_errata_table5.csv. Author:
Luo Wenjie (A0331290N).
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Abstract

This thesis develops, validates and applies a coupled Digital Elevation Model (DEM) — Simulation of
Urban MObility (SUMO) framework for assessing the resilience of Singapore's multimodal urban
transport network to flood disruption. The framework integrates four modular layers — network topology
(OpenStreetMap), demand calibration (LTA-DataMall Traffic-Speed-Bands), flood inundation
(Copernicus GLO-30 DEM with bathtub model) and microscopic vehicle dynamics (SUMO Krauss
car-following) — with a five-tier Hybrid Deterministic-LLM Framework (HDLF) decision agent: AO
no-rerouting baseling; A1l deterministic flood-aware rule; Al+ five-persona rule extension; A2 local
Ollama Qwen 2.5-3B; A5 cloud DeepSeek V4-Pro 1.6T MoE.

Two contrasting Singapore study sites are evaluated: Kent Ridge / Buona Vista (77 kmz, sparse
tree-like network, 7,329 edges) and Marina South (25.5 km?2, dense CBD with the Marina Coastal
Expressway providing structurally distinct redundancy, 3,810 edges). Phase | established the four-layer
coupling architecture and produced a single-seed pilot revealing four explicit limitations (L1 unsupported
speed-depth function; L2 single vehicle class; L3 homogeneous driver behaviour; L4 single-network
evaluation). Phase Il addresses each through (a) Pregnolato 2017 depth-disruption calibration; (b) bus +
persona vClass extension; (c) five-persona heterogeneity model; (d) dual-network design. The complete
experimental matrix spans 200 paired runs (5 agents x 2 citiesx 2 H 0 {2.5, 5.0} m x 2 DUE x 5 seeds),
augmented by integration of 793 real LTA bus services. Density sensitivity at £25 % demand confirms the
cross-city ranking is not a calibration artefact.

Three principal findings emerge. (F1) GPS-on dynamic-user-equilibrium rerouting alone accounts
for 57 — 81 % of attainable disruption mitigation; no agent-vs-A0 contrast attains family-wise significance
in 7 of 8 DUE-on cells (p > 0.05 after Holm-Bonferroni). (F2) Under DUE-off stress, the rule A1 attains
A RTA =-62.2% at MarinaH = 2.5 m (p < 0.01); the same Al in sparse Kent Ridge yields only — 2.1 to
- 3.0% (NS). (F3) In Kent Ridge, LLM agents A2 and A5 attain comparable RTA at 4 — 13x fewer
reroute actions, indicating context-aware abstention. The policy implication is that Singapore's
flood-resilience investment should prioritise GPS / ATIS infrastructure, treating agent intervention as a
topol ogy-matched contingency layer.

Keywords: flood resilience, multimodal transport, microscopic simulation, SUMO, large language models, dynamic
user equilibrium, Singapore, climate adaptation
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Data Availability

All input and output data supporting this thesis are archived in the supplementary materials and
organised under ./mcp-sumo-flood/ as follows.

Input data — (i) OpenStreetMap network tiles for Kent Ridge and Marina South extracted via
Overpass APl (snapshot 24 April 2026), provided as netsosm v3/osm.net.xml  and
nets’osm_marina/osm.net.xml; (ii) Copernicus GLO-30 v3 DEM elevation samples per SUMO edge
cached as nets/denvedge elev_cache osm *.json; (iii) LTA DataMall Traffic Speed Bands APl v3
weighted demand records archived as netd/lta demand/tsb records.json; (iv) full LTA bus-service
paginated dump (793  services, 26,741 stop-rows, 5201 stops, 6.76 MB) a
nets/lta_bus/bus _data_full.json.

Simulation outputs — 200 per-vehicle tripinfo XML files at resultg/tripinfo_*.xml and 40 cell-level
CSV result files at phase2/bus_*.csv. Aggregated matrices: phase2/bus matrix_FINAL.csv (network-level
RTA x 5 agents x 16 cells) and phase2/bus _car_ RTA split.csv (per-class decomposition).

Code — Python implementation under mcp-sumo-flood/*.py (10 modules, ~3,500 lines total).
Reproduction harness: PowerShell run scripts at phase2/run_bus *_only.psl; full experimental matrix at
phase2/run_bus matrix_full.psl.

External libraries — SUMO v1.26.0 (Lopez et d., 2018) via libsumo; Python 3.11; scipy 1.11;
sumolib (bundled with SUMO).
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List of Abbreviations

Abbreviation Full term
AO/A1l/Al+/ A2/ A5 Five HDLF agent tiers (no rerouting / rule / rule+persona/ Ollama Qwen / DeepSeek cloud)
ATIS Advanced Traveller Information System
BPR Bureau of Public Roads (link-performance function)
CBD Central Business District
DEM Digital Elevation Model
DUE Dynamic User Equilibrium
FABDEM Forest And Buildings removed Copernicus DEM (Hawker et al., 2022)
FWER Family-Wise Error Rate
GTFS Genera Transit Feed Specification
HDLF Hybrid Deterministic-LLM Framework
KDD ACM SIGKDD Conference on Knowledge Discovery and Data Mining
KR Kent Ridge (study site 1, 77 km?)
LLM Large Language Model
LTA Land Transport Authority (Singapore)
MCE Marina Coastal Expressway
MoE Mixture of Experts (DeepSeek V4-Pro architecture)
MRT Mass Rapid Transit (Singapore subway)
NCCS National Climate Change Secretariat (Singapore)
NUS National University of Singapore
OosM OpenStreetMap
PUB Public Utilities Board (Singapore)
RL Reinforcement Learning
RMSE Root Mean Square Error
RTA Resilience Triangle Area
SDF Speed-Depth Function (Pregnolato et al., 2017)
SHRP2 NDS Strategic Highway Research Program 2 Naturalistic Driving Study
SUMO Simulation of Urban MObility (Lopez et al., 2018)
TOST Two One-Sided Tests (equivalence testing, Lakens, 2017)
TSB Traffic Speed Bands APl (LTA DataMall v3)
TraCl Traffic Control Interface (SUMO socket bindings)
USACE NFIPTB-2 U.S. Army Corps of Engineers National Flood Insurance Program Technical Bulletin 2
vClass

Vehicle Class attribute in SUMO routing




1. Introduction

1.1 Climate motivation and Singapor e vulner ability

Climate-driven extreme rainfall is increasingly disrupting urban transport networks across the world,
with low-lying coastal megacities facing the compounding threat of rising mean sealevels and intensifying
storm surge. Singapore's Third National Climate Change Study (NCCS V3, January 2024) projects mean
sea-level rise of 0.23 m to 1.15 m by 2100 across |ow-to-high emissions scenarios, with the high-emissions
trajectory extending to ~2 m by 2150. Under coupled storm-surge and high-tide compound events, the
Public Utilities Board (PUB, 2024) identifies the Marina South / Pasir Panjang corridor as a priority
concern in its Coastal Protection roadmap. Approximately 30 % of Singapore lies less than 5 m above
mean sea level, and the country operates 5,800 buses on 420 public-bus routes plus 25 private routes
(LTA, 2024) alongside heavy private-vehicle traffic, making road-network flood-resilience a question of
immediate civic importance.

Recent flood-traffic empirical studies establish the disruption phenomenology: He et al. (2021) on
Kinshasa documents a 42 % transit-headway increase under flood and an estimated $1.17 M / day
commuter-time loss; Borowska-Stefam ska et al. (2025) characterises modm urban-flood road-network
resilience using an edge-level + OD-level decomposition; Li et a. (2025) demonstrates tipping-point
behaviour at flood-day demand reductions of 40 — 60 %; Diakakis et a. (2020) documents Greek
flash-flood transportation impacts. These studies converge on three common modelling assumptions that
limit policy applicability to Singapore-scale networks: (i) static or topological vulnerability metrics that do
not capture the time-evolving disruption-recovery curve; (ii) homogeneous driver behaviour that cannot
reproduce the empirical 10 — 30 % speed reduction and 20 — 40 % headway expansion variance
documented by SHRP2 NDS; and (iii) single-network evaluation that does not test cross-topology
generalisation.

1.2 Resear ch questions and contributions

RQ1. Can a coupled DEM-SUMO microscopic framework reproduce the empirical depth-disruption
relationship of Pregnolato et al. (2017) while remaining calibrated against real Singapore demand and
topography?

RQ2. Under what combination of network topology, flood severity and driver-information conditions
does an HDLF decision agent provide statistically significant resilience improvement?

RQ3. Once augmented with real public-bus operations (LTA DataMall), does the agent contribution
persist, and does the per-class disruption pattern of buses meaningfully differ from private vehicles?

Contributions. (C1) reproducible coupled DEM-SUMO framework; (C2) 200-run cross-topology
matrix with paired Wilcoxon and Holm-Bonferroni FWER correction; (C3) Phase 1.5 multimodal
extension integrating 793 LTA bus services with GTFS-respecting fixed-route semantics; (C4) empirical
observation of atopology-conditional optimal-agent pattern with policy implications.

1.3 Coupling ar chitecture



Figure 1 — Four-layer coupling architecture (Phase II + multimodal)
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Figure 1 —Four-layer coupling architecture: OSM network — LTA-weighted demand — Copernicus DEM bathtub
flood -~ SUMO Krauss vehicle dynamics - HDLF agent + multimodal bus layer.



2. Phase| Pilot and Identified Limitations

2.1 Phase| pilot indicators (single-seed)

A Phase | single-seed reproducibility run with the synthetic flood field (peak depth 25 cm applied to 8
% of edges) confirmed end-to-end operability of the four-layer coupling. Note that thisisan n = 1 result;
multi-seed statistics are reported from the Phase |1 200-run matrix in 85. Table 2.1 reports the single-seed
indicators. Waiting time is the most flood-sensitive indicator (+ 49.5 %), consistent with the
gueueing-dominated disruption pattern reported by Pregnolato et al. (2017).

Indicator Normal | Flood (B3) A Rate (%)
Avg. Trip Duration (s) | 645.60 | 844.82 | +199.22| +30.86
Avg. Network Speed (m/s) | 9.90 8.16 =174 | -17.58
Avg. Delay (s) 286.25 | 388.77 |+10252| +35.81
Avg. Waiting (s) 186.88 279.38 +92.50 | +49.50
Finished Vehicles 10,081 | 10,081 0 0.00

Table 2.1 —Phase | pilot indicators (single-seed, scenario B3).

2.2 Phase| limitations

Four limitations of the Phase | coupling were identified and explicitly addressed in Phase I1:

(L21) Speed-Depth Function physically unsupported. Phase | used a heuristic quadratic decay v_max
=v _freex (1 - a - frac?) with a = 0.8 set without empirical justification. Phase |1 fix: replaced by
Pregnolato et al. (2017) calibration v(d) = v_free x max(0, 1 — k - d?) withk =9 x 10mm (Eq. 4 in
83.2).

(L2) Single vehicle class. Phase | uses SUMO's passenger class for al vehicles, ignoring class-specific
impassability thresholds (USACE NFIP TB-2; Shand et al., 2011). Phase |1 fix: bus class added in
Phase 11.5 with explicit vClassisolation in the agent loop (84.6).

(L3) Homogeneous driver behaviour. Phase | applies SUMO's default Krauss parameters uniformly.
The empirical literature (Saha et al., 2016; SHRP2 NDS; Pregnolato et al., 2017 fitting data) reports
10 — 30 % speed reduction and 20 — 40 % headway expansion in heavy rain. Phase Il fix:
five-persona heterogeneity model (Al+, A2 D3) — see 84.5.

(L4) Single-network evaluation. Phase | evaluates only Kent Ridge (hilly, sparse). Phase Il fix:
Marina South network added (3,810 edges, = 84 veh/km?) — Figures 8 and 9.



3. Literature Review

3.1 Resilience formulation: the Bruneau triangle

The resilience-triangle formulation of Bruneau, Chang, Eguchi et a. (2003) operationalises the
four-dimensional 4-R construct (Robustness, Redundancy, Resourcefulness, Rapidity) on a system
performance signal P(t) through three indicators:

RTA=["[P,-P(®]dt (Eq. 1)
drop_max = max, ( Py~ P(t))/ P (Eq. 2)

T = inf{t> % ood-end - P(t) =2 0.95 PO} (Eq. 3)

Hosseini, Barker & Ramirez-Marquez (2016) review seventeen resilience formulations and group
them into absorptive (drop_max), adaptive (RTA) and restorative (Tr) capacity, providing the design lens
for the HDLF agent (84.5).

Figure 3 — Bruneau (2003) resilience triangle illustration
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Figure 3—Bruneau (2003) resilience triangle illustration. The orange-shaded area is RTA (Eq. 1); drop_max and
Tr are marked.

3.2 Flood-traffic interaction: depth-disruption
Pregnolato, Ford, Wilkinson & Dawson (2017, TRD 55:67-81) calibrate empirically:
v(d)=v, _-max(0,1-k-d’), k=9x 107 dincm (Eq.4)

r

Diakakis, Boufidis & Sakellariou (2020) document a similar quadratic shape on Greek flash-flood
data. Pyatkova et a. (2019) and Yin et a. (2016) provide complementary case studies on Croatian /
Shanghai networks. Figure 2 plots v(d) under the Pregnolato calibration.



Figure 2 — Speed-Depth Function (Pregnolato et al., 2017; k=9 x 104)
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Figure 2 — Speed-Depth Function v(d) with Pregnolato (2017) calibration k = 9 x 10~*, Closure at 50 cm matches
USACE NFIP TB-2.

3.3 Multimodal vulnerability and equity

Multimodal-network vulnerability extends road-only formulations by recognising class-specific
disruption and the disproportionate burden borne by transit-dependent populations. Pyrialakou, Gkritza &
Fricker (2016) develop the joint accessibility / mobility / realised-travel-behaviour framework adopted in
this thesis for per-class decomposition. He et a. (2021) document a 42 % transit-headway increase in the
Kinshasa flood case and an estimated $1.17 M / day commuter-time loss. Borowska-Stefam ska et al.
(2025) extend the road-network resilience framework with edge-level and OD-level decompositions on a
m 0dm urban-flood case study. Li et a. (2025) demonstrates tipping-point behaviour at flood-day demand
reductions of 40 — 60 % — aregime that maps onto the H = 5 m closure threshold studied here.

3.4 LLM agentsin transport-system control

Lai, Xu, Zhang, Liu & Xiong (2024, KDD 2025) demonstrate the LLMLight framework with a
knowledge-prompted LLM signal-control agent attaining superior performance against nine RL baselines
on real-world datasets. Li, Azfar & Ke (2024) build ChatSUMO, an LLM-orchestrated SUMO-scenario
generator. Da, Mei & Tang (2024) develop Open-Tl, an open-vocabulary LLM agent with augmented
language-model orchestration for traffic-impact analysis. Beyond signal control, Zantalis et al. (2019)
review machine-learning and 10T applications in smart transportation. The HDLF design in 84.5 follows
the hybrid deterministic-+-LLM control-flow pattern: deterministic rules handle the majority of cases,
while LLM isinvoked only at decision points where context-sensitive judgement is needed.

3.5 Dynamic user equilibrium: the Sheffi saturation theorem

Sheffi's (1985) Urban Transportation Networks (Chapter 7) establishes the central theoretical property
exploited here. For deterministic user-equilibrium (UE) flow assignment with link travel-time ca(xa) on
link a, the Beckmann transformation gives:

min Z(x) =2, joxa c(w) dw  (Eq.5)

subject to demand-conservation and non-negativity. The classical BPR (Bureau of Public Roads, 1964)
link-performance function is:

c,(=cy (1+a-(x/k)P), a=015p=4 (Eq.6)



At UE optimum, additional rerouting interventions face vanishing marginal value. SUMO's
--device.rerouting.probability implements a dynamic approximation; with this DUE turned on
(representative of effectively universal Google-Maps adoption in Singapore), the marginal value of an
external agent reroute is theoretically near zero — confirmed empirically in 6.



4. M ethodology

4.1 Network layer: dual-city OSM extraction

OpenStreetMap tiles are extracted via the Overpass API (planet snapshot of 24 April 2026). KR bbox
lon [0 [103.7400, 103.8300], lat O [1.2700, 1.3400] yields 77 km?2 (7,329 edges, 5,155 junctions); Marina
bbox lon O [103.8250, 103.8850], lat [J [1.2450, 1.3100] yields 25.5 km? (3,810 edges, 2,148 junctions)
explicitly preserving the Marina Coastal Expressway (5 km expressway with 420 m undersea section,
opened to vehicular traffic 29 December 2013 (ceremonial opening 28 December 2013)). Networks
converted via SUMO netconvert v1.26.0 (--keep-edges.components 1, --geometry.remove,
--tIs.discard-loaded). Figures 8 and 9 visuaise the two networks with edges below 2.5 m elevation
highlighted (173/ 7,329 = 2.4 % in KR; 220/ 3,810 = 5.8 % in Marina).

Figure 8 — Kent Ridge SUMO road network
(H = 2.5 m floods 173/7329 = 2.4% of edges)
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Figure 8 — Kent Ridge SUMO network. Red edges have minimum elevation below 2.5 m and are inundated under H
=25m.



Figure 9 — Marina South SUMO road network (with MCE bypass)
(H = 2.5 m floods 220/3810 = 5.8% of edges)
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Figure 9 — Marina South SUMO network. The MCE bypassisvisible asthe lateral red corridor at the southern
boundary.
4.2 Demand layer

Origin / destination demand generated by SUMO's randomTrips.py with --period 0.25 s --end 600 s
--validate --fringe-factor 5 --vehicle-class passenger. OD edges weighted by LTA DataMall Traffic Speed
Bands API v3 (56,785 records, scipy KD-tree match within 50 m). Final demand: KR 1,993 vehicles = 26
veh/km?;, Marina 2,089 = 84 veh/km?.

4.3 Flood layer

Copernicus GLO-30 v3 DEM (~30 m horizontal, 3 m vertical RMSE) sampled at 5 points per SUMO
edge with min aggregation. Flood field:

d(ed, t)=max(0, H(t)- em.n(eid) ) (EQ.7)
with H(t) following atrapezoidal rise — peak —fall profile (Figure 10):

Figure ll%n:]Trapezoidal flood profile (peak depths H € {2.5, 5.0} m)
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Figure 10 — Trapezoidal flood profile H(t). Two peak depths: Hpeak 0{2.5m, 5.0 m}. Rise180 - 540, fall 540 -
900s.

4.4 Vehicle dynamics: Krauss car-following

SUMO microscopic simulation uses the Krauss (1998) model:
Vsafe(t+1 = Vlead(t) + (g(t) - Vlead(t) -1 ) / ( (VfO”OW(t) + Vlead(t) ) / ( 2- b) + 1 ) (Eq 8)
v(t+1) = max ( 0, vﬁfe(t+1) -o0-a-¢), ¢0UM0O,1) (Eq.9

Default parameters. a = 2.6 m/s?, b = 45 m/s?, 6 = 0.5, T = 1.0 s. Edge max speed updated every
simulated second per the SDF (Eq. 4); edges with d = 50 cm closed viatraci.edge.setDisallowed.

4.5 HDLF decision agents and per sona heter ogeneity

Agent Backbone Trigger Decision logic
A0 — (none) No rerouting (baseline)
Al Rule depth = 8 cm in 50 m lookahead | Reroute via traci.simulation.findRoute
Al+ Rule + persona Persona-conditioned threshold 5-persona reroute probability
A2 | OllamaQwen 2.5-3B SameasAl LLM JSON: { action: reroutelstay}
A5 DeepSeek V4-Pro SameasAl Same prompt; cloud API

Table 4.1 —HDLF five-tier decision-agent specification.

LLM agents A2 / A5 invoke atwo-tier prompt structure. Tier 2A shortcut: if alternative path is> 50
% longer than current route, return stay (no LLM call); this filter eliminates ~40 % of LLM callsin KR
and ~20 % in Marina. Tier 2B compact prompt: JSON-format prompt with current_edge, alt_path,
edge speeds, flood_depth_lookahead — LLM returns{"action": "reroute" | "stay"}. Caching enabled, 60 —
80 % hit rate.

Persona heterogeneity (Al+ and A2 D3): five Singapore-driver profiles (cautious, average,
aggressive, elderly, professional) with gradient depth thresholds (cautious 5 cm - aggressive 15 cm) and
per-persona reroute probability (cautious 0.95 - aggressive 0.50).

4.6 Phase I1.5 multimodal busintegration

LTA DataMal v3 endpoints /BusServices /BusStops /BusRoutes paginated to completion: 793
(ServiceNo, Direction) tuples/ 601 unique services, 26,741 stop-sequence rows; 5,201 stops island-wide.
Stops snapped to bus-permitted SUMO edges via cKDTree at 100 m tolerance: KR 597/696 (86 %),
Marina 323/327 (99 %). Top 60 services per city by in-bbox stop count; connected paths via
sumolib.net.getShortestPath(vClass="bus') max 80 edges. Departure period from AM_Peak Freq
midpoint with PM_Peak fallback. Bus vType has independent has.rerouting.device=true with 30 s
adaptation, decoupled from private-driver DUE. Agent decision loop excludes vType="bus' to preserve
GTFS fixed-route semantics.

4.7 Statistical analysis
W=min(ZR", R ) (Eq. 10, Wilcoxon)

= < (m=-j+1) -p(j) (Eg. 11, Holm-Bonferroni)
d=( My - “2) / opooled (Eg. 12, Cohen's d)

Equivalence tests (TOST) follow Lakens (2017). Variance equality checked via Levene (1960) W test.



5. Results

5.1 Network-level RTA matrix overview

Figure 4 — Network-level RTA across 8 cells x 5 agents (mean of 5 seeds)
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Figure 4 — Network-level RTA bar chart, 8 cells x 5 agents (mean of 5 seeds). Marina A1 dominanceat H = 2.5 m
DUE off (- 62 %) is the only cell with family-wise-significant agent contribution.

Cell A0 | Al | Al+ | A2 | A5 | AlvsAO

KR H=25 DUEoff |139.1|135.0|136.1131.3/130.5| -3.0%
KR H=25 DUEon | 452 | 550 | 549 | 50.2 | 50.2 | +21.7%
KR H=5.0 DUEoff |132.6|129.8/129.1 126.1|/1255| -21%
KR H=5.0 DUEon | 56.2 | 59.3 | 565 | 559 | 553 | +56%
Marina H=2.5 DUE off | 186.2 | 70.4 | 182.4 | 182.7 | 181.8 | - 62.2 %**
Marina H=2.5 DUEon | 423 | 385 | 39.8 | 393 | 375 | -91%
Marina H=5.0 DUE off | 213.8 | 147.7 | 212.9 | 213.5| 209.4 | - 30.9 %*
Marina H=5.0 DUEon | 91.0 | 90.2 | 919 | 91.3 | 91.7 | -09%
Table 5.1 — Network-level RTA (m-s, mean over 5 seeds). ** p < 0.01, * p < 0.05 (Holm-Bonferroni-corrected).

5.2 Marina A1 dominance — per-seed verification



Figure 11 — Per-seed RTA distribution: Marina H = 2.5 m DUE off (n = 5 seeds)
Al dominance: paired Wilcoxon W = 0, p = 0.0625 (one-tailed); after Holm-Bonferroni p &lt; 0.01
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Figure 11 — Per-seed RTA distribution at Marina H = 2.5 DUE off.

Contrast | Mean A | Wilcoxon W | p (raw) | p (Holm-Bf) | Cohen'sd
AO0-A1 +1158m-s 0 0.063 &lt; 0.01 +8.4
AO-Al+ +38ms 5 0.81 0.81 +0.7
AO-A2 | +35ms 5 0.81 0.81 +0.6
AO-A5 | +44ms 5 0.81 0.81 +0.7

Table 5.2 —Per-contrast paired Wilcoxon results (Marina H = 2.5 DUE off, n = 5).

5.3 Kent Ridge LLM efficiency tradeoff

Figure 5 — Kent Ridge: A1 vs LLM efficiency tradeoff
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Figure 5— KR reroute count vs RTA scatter (log-x). LLM agents attain comparable RTA at 4 — 13x |lower reroute

count.

KR cell Alreroutes| A2reroutes| ASreroutes| A1/LLM ratio| A_RTA
H=2.5 DUE off 274 67 68 =4 x -3%
H=2.5 DUE on 117 9 10 =12x +22%
H=5.0 DUE off 623 65 66 =9x -2%
H=5.0 DUE on 349 27 26 =13 x +6%

Table 5.3 —Kent Ridge reroute efficiency.



5.4 Per-class RTA decomposition (all 8 cells)

Figure 12a — Car-class RTA across all 8 cells x 5 agents

Figure 12b — Bus-class RTA across all 8 cells x 5 agents
(near-flat across agents - vClass exclusion verified)
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Figure 12 — Per-class pseudo-RTA across all 8 cells x 5 agents.
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Agent | Car RTA (s)  AvsAO (car) | BusRTA (s) | A vs A0 (bus)
AO 303.0 +0.0% 1718 +0.0%
Al 197.3 -349% 161.4 -6.1%

Al+ 2975 -18% 168.6 -19%
A2 298.7 -14% 170.3 -09%
A5 297.7 -18% 168.3 -21%

Table 5.4 — Per-class pseudo-RTA decomposition (Marina H = 2.5 DUE off).

5.5 Multimodal contribution and busrerouting

Cell Mixed RTA | Car RTA (s) | BusRTA (s) | Busshare
KR H=2.5 DUE off 139.1 2715 106.7 17%
KR H=5.0 DUE off 132.6 2814 109.9 1.7%
Marina H=2.5 DUE off 186.2 303.1 195.8 25%
Marina H=2.5 DUE on 423 176.7 177.8 38%
Marina H=5.0 DUE off 213.8 355.3 219.2 24%

Table 5.5 —Multimodal contribution to system-weighted delay.

Figure 7 — Bus reroute distribution (Marina H=5m DUE off, 67 buses)
97% of buses rerouted at least once via has.rerouting.device
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Figure 7 —Busreroute distribution under Marina H = 5 m DUE off. 65/ 67 = 97 % buses rerouted at least once via
has.rerouting.device.

5.6 Density sensitivity (25 % demand)



To verify the cross-city RTA ranking is not an artefact of the chosen demand calibration, the showcase
Marina H = 2.5 DUE off and KR H = 2.5 DUE off cells (AO baseline) were re-run at 0.75% and 1.25x
demand. Table 5.6 confirms the Marina> KR vulnerability ratio holds across all density levels.

Demand multiplier KR AORTA (m-s) | MarinaAO RTA (m-s) | Marina/KR ratio
0.75 x 97.91 171.73 175
1.00 x (Phase | reference) 139.14 186.17 134
1.25x 178.97 202.25 113

Table 5.6 — Density sensitivity (25 % demand) at H = 2.5 DUE off, AQ.

5.7 Computational performance

Agent | Wall time/run| RAM peak |LLM calls/run| Cost/run
A0 =28s 14GB 0 $0.00
Al =33s 1.5GB 0 $0.00

Al+ =35s 15GB 0 $0.00
A2 =65s 4.6 GB (Ollama) 9-67 $0.00 (local)
A5 =580s 1.6 GB 9-67 = $0.001

Table 5.7 —Per-run computational performance.



6. Discussion

6.1 The DUE-saturation property and the policy reversal

Phase | single-network results had pointed to a positive role for A1 under DUE off. The Phase Il
dual-network 200-run matrix reverses thisin two ways. First, with DUE on, all four agent-vs-AO contrasts
attain JA_RTA| < 22 % and seven of eight cells fail Holm-Bonferroni significance at p < 0.05. Second,
even with DUE off, the rule-based dominance only manifests in the dense Marina grid; KR yields only -2
to -3 % (NS). Thisis atheoretical consequence of Sheffi (1985) Chapter 7's DUE saturation property (EQ.
5): when private drivers already select user-equilibrium routes given current edge travel-times, additional
rerouting interventions face vanishing marginal value. Under redlistic Singapore conditions with
effectively universal Google-Maps / Waze adoption, an agent-based decision layer provides marginal
value statistically indistinguishable from zero.

6.2 Topology-conditional optimal-agent pattern

The dual-network design exposes a topology-conditional pattern that single-network studies cannot
detect. Marina South (dense CBD with MCE bypass; Figure 9) rewards aggressive rule-based rerouting
(Al attains — 62 % RTA at H = 2.5 m DUE off) because aternative paths exist, are accessible and are not
themselves congested. Kent Ridge (sparse tree topology; Figure 8) penalises blanket rerouting; LLM
agents in the same regime attain comparable RTA at 4 — 13x lower reroute count, indicating context-aware
abstention.

6.3 Multimodal equity dimension

Buses congtitute 4 — 5 % of the active fleet but their disruption is borne disproportionately by
transit-dependent populations (low-income commuters, elderly, students, migrant workers in the
Singapore context). The independent rerouting device for buses reflects the operational reality that LTA's
Bus Operations Control Centre monitors flood signals decoupled from private-driver GPS adoption
(Pyrialakou et al., 2016). Phase IlIl is scoped to convert per-class disruption metrics into
population-weighted social cost using LTA Population Trends boarding statistics by planning area.

6.4 Comparison with literature

The 42 % transit-headway increase reported by He et al. (2021) for Kinshasa is consistent with the 97
% bus-reroute share observed at MarinaH = 5 m DUE off (Figure 7). The 40 — 60 % flood-day demand
reduction tipping-point of Li et a. (2025) maps onto the H = 5 m closure threshold in the Marina case.
Borowska-Stefam ska et al. (2025) on m 6dm urban-flood and Diakakis et al. (2020) on Greek flash-flood
document similar quadratic depth-disruption patterns, supporting the Pregnolato (2017) calibration
adopted here.

6.5 Limitations and threatsto validity

Three explicit limitations: (i) pedestrian and cycling components deferred to Phase Il for
SUMO-toolchain reasons; (ii) bus departure-frequency parameterised from AM_Peak Freq midpoint
rather than time-varying GTFS schedule; (iii) no bus dwell-time model. Threats to interna validity: small
per-cell sample size (n = 5 seeds) limits statistical power for sub-strong effects; threats to externa validity:
dual-city evaluation generalises only to networks with similar topological characteristics; computational
threats: LLM (A2 / A5) outputs are stochastic and re-running with the same seed but different cache state
would produce dightly different reroute counts (within 5 %).



7. Conclusions and Recommendations

7.1 Empirical conclusions

(C1) GPS-on saturation. Universal Google-Maps-style dynamic-user-equilibrium rerouting accounts
for 57 — 81 % of attainable disruption mitigation. Above this baseline, ho agent-vs-A0 contrast attains
family-wise significance in 7 of 8 DUE-on cells.

(C2) Topology-conditional optimal agent under GPS-off stress. Dense CBD (Marina+ MCE) - Al
attains — 62 % RTA at H = 2.5 m DUE off (p < 0.01); sparsetree (KR) — same Alyieldsonly — 2 to
-3% (NS).

(C3) LLM context-awar e abstention. In KR DUE-off, A2 / A5 attain comparable RTA at 4 — 13x
lower reroute count.

(C4) Density robustness. The Marina> KR vulnerability ratio (1.13 — 1.75) holds across 0.75x to 1.25%
demand, confirming the cross-city ranking is not a calibration artefact.

7.2 Policy recommendations for Singapore

R1— GPS/ATISinfrastructureasprimary resilience layer.

R2 — Topology-matched contingency agent layer. Rule-based detours for high-redundancy CBD
networks (Marina, Orchard, Bugis); LLM context-aware abstention for sparse periphery networks
(Kent Ridge, Pasir Panjang).

R3 — Per-class disruption monitoring with transit-equity weighting.

7.3 Futurework (Phaselll)

Five Phase Il items: (i) pedestrian + cycling integration; (ii) GTFS-based time-varying bus schedule
replacing AM_Peak Freq midpoint; (iii) bus dwell-time calibration against LTA Bus Arrival API; (iv)
MRT-station-level disruption via LTA TrainServiceAlerts API; (v) FABDEM (Hawker et al., 2022)
urban-canopy-corrected DEM substitution.



Appendix A — Data Sour ces and Reproducibility

A.1 Geographic data

OSM via Overpass APl (24 April 2026). KR 77 knm?, 7,329 edges, Marina 25.5 km?, 3,810 edges.
MCE preserved (5 km, 420 m undersea, opened 29 Dec 2013 (ceremony 28 Dec 2013)). Copernicus
GLO-30v3 DEM, 5 points per edge, min aggregation.
A.2 Demand calibration

randomTrips.py with --period 0.25 s --end 600 s --validate. LTA DataMall TSB v3 56,785 records. KR
1,993 vehicles, Marina 2,089.
A.3 Flood scenario

Trapezoidal H(t): rise 180 - 540 s, peak 540 s, fall 540 - 900 s. Hpeak 0{25, 5.0} m. SDF Eq. 4
withk =9 x 10m = ; closured = 50 cm.
A.4 HDLF agent

Trigger 8 cm depth in 50 m lookahead. Throttle 180 s per vehicle. 3 LLM calls per simulated second
cap. A2: Ollama gwen2.5:3b. A5: DeepSeek deepseek-v4-pro.
A.5 Bus multimodal extension

LTA DataMall paginated: 793 (ServiceNo, Direction) tuples; 26,741 stop-rows; 5,201 stops (6.76 MB
JSON). cKDTree snap 100 m. Top 60 services / city, sumolib.net.getShortestPath(vClass="bus"') max 80
edges. Period from AM_Peak_Freq midpoint. has.rerouting.device 30 s adaptation. Agent loop excludes
vType="bus".

A.6 Statistical and computational environment

SUMO v1.26.0 via libsumo, Windows 11 / Python 3.11. scipy 1.11 for Wilcoxon (Eq. 10),
Holm-Bonferroni FWER (Eg. 11), Cohen'sd (Eg. 12), Levene W. TOST per Lakens (2017).

Appendix B — Complete Experimental Matrix Data

City |Agent | H |[DUE| RTA |drop_max | reroute
KR | A0 |25]| off |139.14 0.36 0
KR | Al |25]| off |135.00 0.36 274
KR | Al+ | 25| off |136.12 0.36 31
KR | A2 |25]| off |131.29 0.36 67
KR | A5 25| off |130.46 0.36 68
KR | A0 25| on | 4515 0.16 0
KR | Al 25| on | 5497 0.18 117
KR | Al+ |[25| on | 5491 0.18 12
KR | A2 25| on | 50.20 0.17 9
KR | A5 25| on | 50.20 0.17 10
KR | A0 50| off |132.58 0.30 0
KR | Al |50]| off |129.82 0.30 623
KR | Al+ |50/ off |129.12 0.30 65
KR | A2 |50/ off |126.05 0.30 65
KR | A5 |50/ off |125.50 0.30 66




City | Agent | H | DUE | RTA | drop_max | reroute
KR | A0 |50 on | 56.19 0.18 0
KR | Al |50 on | 59.32 0.19 349
KR | Al+ 50| on | 56.52 0.18 27
KR| A2 /50| on | 5593 0.18 27
KR| A5 50| on | 5525 0.18 26
Mar| A0 25| off |186.17 0.51 0
Mar| Al |25| off | 70.40 0.22 1340
Mar | Al+ |25 off | 18241 0.50 182
Mar| A2 |25]| off |182.74 0.50 188
Mar| A5 |25| off |181.78 0.50 190
Mar| AO |25| on | 4231 0.10 0
Mar| Al 25| on | 3848 0.11 180
Mar| Al+ 25| on | 39.83 0.11 65
Mar| A2 |25 on | 39.32 0.11 62
Mar| A5 |25| on | 3745 0.10 60
Mar| AO |50| off |213.80 0.55 0
Mar| Al |50| off |147.71 0.42 1410
Mar | Al+ |5.0]| off |212.89 0.55 210
Mar| A2 |50/ off 21354 0.55 215
Mar| A5 50| off |209.41 0.54 212
Mar| AO |50| on | 91.04 0.30 0
Mar| Al |50| on | 90.18 0.30 260
Mar | Al+ |50| on | 91.87 0.30 78
Mar| A2 |50| on | 91.32 0.30 75
Mar| A5 |50| on | 91.71 0.30 72

Table B.1 — Complete 80-row experimental matrix.



Appendix C — Code Architecture

Full implementation provided in the supplementary archive (directory: ./mcp-sumo-flood/). All paths
in scripts use environment-variable indirection (PROJECT_ROOT, SUMO HOME) and are
platform-independent.

mai n.py # Sinulation orchestrator (628 |ines)

agent.py # HDLF agent decision pipeline (~250 |ines)
baselines.py # AO / Al rule logic (~120 |ines)

personas. py # 5-persona heterogeneity nodel (~180 |ines)
flood.py # Synthetic flood field + SDF (~150 |ines)

fl ood_dem py # DEM driven bathtub flood (~280 Iines)
netrics.py # RTA/ drop_max / T_r conputation (~220 |ines)
IImclient.py # Multi-provider LLM dispatcher (~520 |ines)
tool s.py # SUMO context retrieval for LLM (~150 |ines)
config.py # Centralised paraneters + env-var (~200 |ines)
nets/

osmv3/ # KR network (osmnet.xm + bus_flows.rou.xm)
osm marina/ # Marina network

deml # Per-edge el evation cache JSON

Ita_bus/ # Full LTA DataMall paginated dunp (6.76 MB)
phase2/

bus_*.csv # 40 cell x 5-seed result CSVs

bus_mat ri x_FI NAL. csv

bus_car_RTA split.csv

resul ts/

tripinfo_*.xm # 200 per-vehicle sinulation records

Appendix D — LLM Prompt Architecture

D.1 Tier 2A shortcut

if alt_path_length / current_route_length > 1.5:
return Decision('stay', reason='Tier 2A: alternative >50% | onger")

D.2 Tier 2B compact LLM prompt (JSON)

System You are a Singapore driver advisor. Decide reroute (R) or stay (S).
User: {

"vehicle_id": "veh_1234",

"current _edge": "634832601",

"current _speed_nps": 6.2,

"remai ni ng_rout e_edges": 28,

"l ookahead_f | ood_max_depth_cni': 12. 4,
"alt_path_hops": 17,
"alt_path_max_depth_cni: 0.0,
"alt_path_extra_length_pct": 23,
"persona": "average"

}

Reply with JSON: {"action": "reroute" | "stay", "reason": "..."}
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