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Abstract—Fixed-route robotic service systems separate navi-
gation from service application. A platform follows a repeated
coverage route while adapting a scalar service command from a
spatial task-state map, and when that map is corrupted, service
quality can degrade even though the route stays safe, determinis-
tic, and collision-free. Task-state integrity is thus a cyber-physical
concern distinct from navigation safety. The concern is studied
through a reproducible evaluation framework instantiated for
autonomous ice resurfacing, in which a resurfacer computes
water commands from an observed surface-demand map that an
attacker may corrupt. False-positive, false-negative, combined,
and kernel-aware map corruptions are evaluated against a naive
controller, an uncertainty-aware Bayesian controller, and several
low-cost filters. The naive attacks produce measurable excess
service, missed service, and readiness delay. Bayesian smooth-
ing mitigates the naive attacks. Kernel-aware false positives
yield greater absolute regional excess for Bayesian than naive
allocation under budget-matched controls, but smaller attack-
induced increases, exposing a distinction between service quality
and attack sensitivity. The low-cost filters expose complementary
tradeoffs rather than a dominant defense. These results indicate
that adaptive robotic service systems must protect task-state
integrity in addition to safe coverage and navigation.

Index Terms—Autonomous ice resurfacing, cyber-physical sys-
tems, false-data injection, task-state integrity

I. INTRODUCTION

Fixed-route robotic service systems often separate where a
robot travels from what service it applies. A platform follows
a repeated coverage route while adapting a scalar service
command from a spatial task-state map that encodes how much
service each location needs. Prescription-map variable-rate
agriculture provides a concrete instance: management zones,
position, and sensed field state determine spatially varying
application rates [1]-[3]. In such systems it is the task-state
map, not the route, that sets the service intensity, so a corrupted
map can degrade service quality even when navigation remains
safe, deterministic, and collision-free. Task-state integrity is
therefore a cyber-physical concern distinct from navigation
safety, since the robot may reach the right places while
applying the wrong service.

Autonomous and instrumented ice resurfacing is an under-
served candidate instance of this problem class. Public project
and commercial sources show relevant building blocks—
autonomous or patterned coverage, connected machine data,
and position-linked ice-state sensing—but do not establish that
any deployed system implements the exact demand-map water
controller studied here [4], [5]. This paper therefore uses ice
resurfacing as a benchmark instantiation rather than claiming
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a vulnerability in a specific product. When a controller trusts
a corrupted surface-condition map, the two failure modes
are concrete and opposite. A false positive marks a low-
demand region as needing service, causing unnecessary water
application, local over-service, and readiness delay while the
surface re-freezes. A false negative masks a genuinely high-
demand region, so the controller under-waters it and leaves
a degraded patch behind. Neither failure requires tampering
with the route, the vehicle dynamics, or the actuator, since
corrupting the map alone is sufficient.

This map-to-service abstraction and its integrity risk con-
nect several lines of work. Fixed-route service is naturally
modeled as coverage path planning [6]-[9], and the map-
driven command follows precision-agriculture variable-rate
application, in which zone maps and prescription files set
spatially varying application rates [1]. The integrity threat
follows cyber-physical false-data injection, where corrupted
observations change downstream control actions without com-
promising actuator logic [10]-[12], while precision-agriculture
security work identifies analogous threats to connected farm
systems and application equipment [13], [14]. Its robotic form
includes injected or removed perceived obstacles, spoofed sen-
sor inputs, and secure mapping under manipulated localization
or ranging data [15]-[20]. A recurring lesson in secure control
is that a defense must be evaluated against an attacker who
understands the estimator or filter, not only against random
noise [21], which motivates the kernel-aware stress test for
task-state maps. Finally, ice-rink studies show that resurfacing
water volume and transient heat transfer govern recovery time
and ice quality [22], [23], motivating the service and readiness
proxies without requiring a full thermodynamic model.

To isolate task-state integrity from navigation, the cover-
age route is held fixed and deterministic, leaving the ob-
served surface-demand map as the only adaptive input to the
water command. This setting is realized as a reproducible
ice-resurfacing framework and used to evaluate four map-
corruption families, namely false positive (FP), false negative
(FN), combined, and a smoother-aware FP, against a naive
controller, an uncertainty-aware Bayesian controller, and a
set of low-cost filters. Bayesian smoothing reduces the tested
attack-induced changes, but kernel-aware inputs yield greater
absolute regional excess than naive allocation. Clean regional
baselines explain why these controller orderings differ, even
under matched perturbation budgets. The main contributions
are summarized as follows.
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(1) A reproducible evaluation framework for task-state in-
tegrity is proposed, in which an ice resurfacer follows
a fixed coverage route and computes water commands
from an observed surface-demand map, and the impact
of a map attack is measured against ground-truth demand
through a matched no-attack baseline.

(2) An uncertainty-aware Bayesian water-allocation con-
troller is developed that maintains a per-cell demand
belief along the route footprint and forms an upper-
confidence acquisition surface, so that isolated map spikes
are damped before they reach the water command.

(3) A kernel-aware false-positive attack is proposed that
shapes the injected demand to the controller’s smoothing
scale, with peak-matched and L;-matched budget con-
trols that compare input shape without increasing the
corresponding perturbation budget.

II. PROBLEM SCOPE AND THREAT MODEL

The framework isolates fixed-route variable-rate service: the
route is deterministic, and only the scalar service command
adapts. In the ice-resurfacing instantiation this command rep-
resents water allocation along a repeated coverage backbone.
Holding the route fixed separates task-state integrity from nav-
igation safety and makes map-induced service errors directly
observable, to test whether corrupted task-state maps degrade
service despite following the intended route.

A. Formal Problem Definition

Let G denote the set of in-rink grid cells, each with area
AA. A scenario contains a true normalized surface-demand
map d; € [0, dmax] for each cell i € G, along with a high-
demand mask H C G used for under-service evaluation. The
resurfacer follows a fixed route p;.7, where B; C G is the
brush or water-footprint support around waypoint p;. A water-
allocation policy f maps an observed task-state map d to
a water-command sequence wi.p = f (J,plzT), where each
command is bounded by actuator limits and by a mean-water
budget. The resulting applied service at cell ¢ is modeled as

T
si(w) =Y miwy,
t=1

where 7;; = 0 when i ¢ B, and otherwise encodes the local
footprint contribution. Evaluation is always against the true
demand d, not the observed map d.

An attack is a map transform «(-) applied before water
allocation, so that the controller receives d = a(d + €), where
€ is observation noise. The headline experiments set € = 0 to
isolate attack effects. Let JO = d + ¢ denote the unattacked
observation and d, = a(d + €) the attacked observation. For
a metric m on the same spatial support in both runs, paired
attack impact is

Ama;f = m<d7 d;“ f(daapliT)) - m(d7 JO7 f(d07p1:T))7

so that each attacked run is compared against a no-attack run
with the same seed, demand field, route, and policy. Reported
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Fig. 1. Overview of the task-state integrity evaluation pipeline. The selected
allocator maps a clean or attacked surface-demand observation to water
commands along the fixed route; resulting service is evaluated against ground
truth via the dashed path.

values are seed-level means with 95% confidence intervals
(ClIs); absolute FP outcomes are distinguished below.

Three metrics instantiate m. The primary false-positive
metric is integrated over-service on the fake region,

Ep(w) = AAY [si(w) —dil4,
icF

which, because d; and s; are normalized service intensities, is
a square-meter-equivalent excess-service quantity rather than
a calibrated physical water volume. FP tables and figures
report absolute attacked-run F'r(w,); absolute recovery is the
relative reduction from naive attacked-run Er. One m?2-eq.
represents one unit of excess normalized service integrated
over one square meter. Attack-induced FP change instead uses
AFEp = Ep(w,)—Er(wp), applying the attack-defined region
F' to both service outcomes after allocation. A clean run’s
empty fake-region mask cannot provide that regional baseline.
Paired FP recovery is the relative reduction in mean AFEp
from naive allocation. FN and readiness results report paired
changes. The primary false-negative metric is thresholded
missed high-demand area,

My (w) = AAZ 1{d; — s;(w) > 7},

icH
and the readiness proxy is
L(plzT)

+ Amax[s;(w) — d;]+

R(w) = max (O7
i€G

- Twin) )
where L(pi.7)/v is route time, A is the drying-delay weight,
and Ty, is the operational readiness window.

B. Map-Integrity Threat Model

The attacker corrupts the task-state map consumed by the
water-allocation controller. The corruption could be realized
by spoofed sensors, a compromised sensor module, modified
map-generation software, or a data-pipeline compromise. Fol-
lowing prior false-data-injection and robotics perception-attack
work [10], [15], [19], these mechanisms are abstracted as
corruption of the surface-demand map before water allocation,
and the resulting threat model is summarized in Table 1.

Four attack families are considered. False positive (FP)
injects a fake high-demand region, causing unnecessary water.
False negative (FN) suppresses a true high-demand region,
causing under-service. Combined adds a fake region and masks
a true region at once. Aware FP tunes a false-positive pattern
to the Bayesian smoother kernel scale. The aware-FP case tests
inputs shaped to the known spatial response of the smoother.
This mirrors broader secure-control and adversarial-planning



TABLE I
MAP-INTEGRITY THREAT MODEL USED IN THE FRAMEWORK.

Dimension Assumption

Knows the rink grid, fixed route, true demand for target
selection, and map-to-water control class; the aware-
FP case also knows the Bayesian smoother scale.

Attacker knowledge

Can modify the observed surface-demand map before

Attacker capability water allocation.

Route, vehicle dynamics, physical rink geometry, mis-

Fixed by assumption X C A
y P sion budget, actuator limits, and evaluation masks.

FP targets are sampled from low-demand regions and
FN targets from high-demand regions in the generated
scenario. This is a targeted stress test, not a blind
attacker model.

Attack targeting

The framework evaluates map-integrity risk in a fixed-
route service abstraction; it does not attribute a vulner-
ability to any specific deployed resurfacer.

Non-goal

settings in which a defense must be evaluated against attackers
who understand the estimator, detector, or planner structure
[24], [25].

III. FRAMEWORK AND EXPERIMENTAL DESIGN
A. Rink, Demand, and Observation Maps

Fig. 1 summarizes the end-to-end evaluation flow. Each
run generates a synthetic rink-scale demand field on a grid
mask with rounded rink geometry, where the true demand
map represents where surface service is needed. Two regimes
are used, namely localized, with compact demand patches,
and mixed, which combines local and broader structure. The
observed demand map is produced by adding noise and then
applying the selected attack transform, with additive noise set
to zero in the headline runs to isolate attack effects while
the operators still support noise for sensitivity checks. The
water-allocation controller sees only the observed map, and
evaluation is always against the true map. Fig. 2 shows a
representative attacked map together with the resulting excess
and missed service.

B. Water-Allocation Methods

All water-allocation methods share the same fixed route,
water-on mask, actuator limits, and mean-water budget, and
differ mainly in the map or acquisition surface used to form
the scalar command. For a map-based score ¢;, the score is
sampled along the route, normalized by a demand scale S,
and mapped to a bounded command through a clipped affine
rule with limits wp,;, and wy,.x. Commands are zeroed where
the path has water off, and active commands are scaled down
uniformly if their mean exceeds the budget w;,,x. Controller
and budget parameters are listed in Table II.

The naive controller uses the corrupted map directly, ¢; =
d;. The fixed-constant baseline ignores the map and applies a
constant command on water-on points. The robust_water
reference multiplies observed demand by a local spatial-
consistency and confidence cue, which downweights isolated
spikes, and is retained as a lightweight baseline rather than a
tuned defense.

The Bayesian controller maintains a per-cell Gaussian de-
mand belief with mean p; and variance af, initialized from a

Attacked Task-State Map

fake high-demand patch —»@

excess service /
missed true demand—»‘. /

masked true-demand patch > Q

Applied Water Footprint

& Service Errors
= autonomous robot—Ell

Fig. 2. Qualitative example of a task-state attack on fixed-route water
allocation. The route is fixed, and the attack changes the observed surface-
demand map used to compute water commands. A false positive (orange)
induces excess service on a fake patch, while a masked true-demand (yellow)
region produces missed service. The red rectangle in the applied water
footprint is the ice resurfacer, shown for visualization.

fixed prior and updated along the route footprint by a standard
scalar Kalman step for cells inside the brush footprint B;. A
separable Gaussian smoothing prior is then applied within the
rink mask and the variance is inflated to avoid overconfidence.
The allocator forms an upper-confidence acquisition surface

A; = pi + Koy,

and maps its route-footprint average to a water command
under the shared limits and budget. This design damps isolated
map spikes, since a lone high observation raises u; only
in proportion to the Kalman gain and is then spread by
the smoothing prior, whereas a genuine high-demand region
supported by its neighbors survives both steps.

Simple-defense variants are label-free transforms applied
before allocation. Percentile clipping caps extreme ob-
served values, median- and morphology-style filters suppress
small unsupported regions, local-consistency weighting down-
weights cells unsupported by their neighborhood, and a trust-
region variant caps the naive schedule relative to a nominal
constant schedule. These are tradeoff probes, not optimized
defenses.

C. Attacks, Protocol, and Defense Calibration

The core factorial design varies demand regime, attack con-
dition, and water-allocation method. The demand regimes are
localized and mixed, and the attack conditions are no attack,
FP, FN, combined, and aware FP. All headline comparisons
use paired random seeds. For each seed and regime, clean
and attacked runs share the same true demand field, route,
and allocation policy. Attack-induced changes are computed
within each seed before averaging, with FP changes evaluated
on the same attack-defined region in both runs. FP tables and
figures instead report absolute attacked-region excess, unless
explicitly identified as paired changes. Each headline cell uses
90 seeds and reports means with 95% confidence intervals
computed from the corresponding seed-level quantities.



TABLE I

SIMULATION, ATTACK, AND CONTROLLER PARAMETERS.

Component Parameter

Value used in experiments

Grid Rink/resolution

Rounded National Hockey League (NHL)-style rink mask with 0.5 m cells.

Localized demand Compact patches

3 Gaussian patches; background demand 0.05; amplitude U(0.8,1.5); o, =
U(2.0,5.0) m; oy = U(1.5,3.5) m; clipped to 1.8.

Mixed demand Broad patches plus skate proxy

2 broad Gaussian patches; background demand 0.03; broad amplitude U(0.3,0.9);
ox = U(4.0,8.0) m; oy = U(2.0,5.0) m; normalized skate-cut component from
14 simulated skaters, 130 steps, and cut depths from —3.0 to —0.4 mm, weighted by
0.8; clipped to 1.8.

Observation Additive noise

0.0 in headline runs to isolate attack effects.

Default attack FP/FN budget

Circular support radius 4.0 m; FP amplitude 1.2; FN multiplier 0.05 inside the targeted
patch; combined attack applies both FP and FN transforms.

Aware attack Kernel match and budget modes

Gaussian FP matched to the Bayesian smoother scale, o = 0.75 m, with the same
4.0 m support radius. The stress case uses a 2x peak factor; budget controls include
peak matching at amplitude 1.2 and L; matching to the normal FP perturbation.

Dose response Sweep grid

FP radius {2.0,3.0,4.0,5.5,7.0} m and amplitude {0.6,0.9,1.2,1.5,1.8}; the default
attack budget is the 4.0 m, 1.2-amplitude cell.

Allocator Command mapping

Demand scale S' = 1.2; wyin = 0.10; wmax = 1.0; mean-water budget Wmax = 0.45;

fallback demand scale is the in-rink 95th percentile.

Bayesian controller Belief and acquisition

Prior mean 0.30; prior variance 0.10; observation variance 1073, smoothing scale
0.75 m; variance inflation 0.01; acquisition weight x = 1.0.

The FP dose-response experiment varies attack amplitude
and patch radius over the grid in Table II, testing whether the
qualitative conclusion holds across weaker and stronger fake
patches and exposing differences in absolute under-attack ex-
cess. The aware-FP experiment replaces the generic fake patch
with a Gaussian profile matched to the Bayesian smoother
scale. Besides the original 2x stress condition, two budget-
matched controls are reported, namely a peak-matched aware
attack with the same peak amplitude as the normal FP attack,
and an L;-matched aware attack whose positive perturbation
mass matches the normal FP attack for the same paired
seed, regime, observed map, center, radius, and amplitude.
These controls compare input shapes at matched perturbation
budgets.

The simple-defense experiment fixes one parameterization
per defense family on calibration seeds 90-149 and reports
held-out impacts on seeds 0-89, matching the 90-seed pool
used elsewhere. It evaluates cheap map transforms such as
percentile clipping, median-style filtering, and trust-region
caps against the naive, robust, and Bayesian methods. Intervals
use seed-level absolute FP outcomes or paired changes, as
specified.

IV. EXPERIMENT RESULTS
A. Naive Attacks Have Operational Effects

Table III summarizes the primary single-mode 90-seed re-
sults. Under FP attack, naive allocation produces 17.58 m?2-eq.
of absolute regional excess in localized maps and 18.76 m?2-eq.
in mixed maps. The matched-region increases are 15.194+0.62
and 14.35 £ 0.71 m?2-eq.; readiness impacts are 6.15 and
11.41 s, respectively. FN attacks add 6.74 m? of missed
high-demand area in localized maps and 5.38 m? in mixed
maps. Combined FP+FN corruption preserves both harms:
Bayesian allocation reduces localized absolute FP excess from

17.58 £ 0.75 to 12.55 4+ 0.60 m?2-eq. and paired missed area
from 6.97 + 1.18 to 2.06 + 0.52 m?. In the mixed regime,
it reduces the corresponding quantities from 18.72 = 0.90 to
13.964+0.77 m?2-eq. and from 5.63 £ 1.15 to 1.84 +0.68 m?,
respectively.

TABLE III
NINETY-SEED MEANS + 95% CIS. FP EXCESS/RECOVERY ARE
ABSOLUTE; FN MISSED AREA/RECOVERY AND READINESS CHANGES ARE
PAIRED. RECOVERY IS RELATIVE TO NAIVE ALLOCATION.

Regime Metric Naive Bayes Rec.
FP excess (m2-eq.) 17.58 +£0.75 12.424+0.59 29.3%
Localized FP ready (s) 6.154+4.41 —0.19 £0.20 -
FN missed (m?)  6.74+1.03 1.58+0.42 76.5%
FP excess (m?-eq.) 18.76 £0.90 13.9440.75 25.7%
Mixed FP ready (s) 11.41 £5.72 0.02 £0.08 -

FN missed (m?) 5.38+1.09 249+0.56 53.8%

B. Bayesian Smoothing Provides Partial Mitigation

Bayesian water allocation reduces absolute FP excess by
29.3% in localized maps and 25.7% in mixed maps. Matched-
region paired FP recovery is 95.8% and 92.5%, respectively.
It recovers 76.5% of localized and 53.8% of mixed FN missed
area and nearly eliminates the naive FP readiness penalty.
These results support mitigation, but attack sensitivity alone
does not establish service quality.

A paired 90-seed observation-noise sweep over o €
{0.00,0.02,0.05,0.10} preserves positive Bayesian absolute-
FP reduction (25.4%-29.3%) and paired FN recovery
(55.5%—84.8%) across nonzero noise levels in both regimes.
These comparisons are therefore not restricted to noise-free
observations. Fig. 3 shows greater absolute Bayesian excess
at some low FP amplitudes, with more consistent absolute
reduction at higher amplitudes.



TABLE IV
L1-MATCHED KERNEL-AWARE FP: 90-SEED MEAN EXCESS (m?2-EQ.) ON
THE SAME REGION F', WITH 95% CIS FOR PAIRED INCREASES.

Regime  Method Clean Attacked Paired increase

Localized Naive 2.39 11.43  9.04 £0.52
Bayesian 11.79 12.54 0.754+0.44

Mixed Naive 4.41 13.08 8.67+0.58
Bayesian 12.87 1396 1.09 +£0.37

C. Kernel-Aware FP Changes Under-Attack Rankings

The kernel-aware FP experiment tests inputs shaped to the
smoother scale. Fig. 4 sweeps the 2x stress condition; Ta-
ble V adds peak- and L;-matched controls. Absolute Bayesian
excess exceeds naive excess even with matched budgets (L-
matched Bayes-minus-naive: localized +1.11 £ 0.64, mixed
+-0.88=£0.53). This absolute ordering does not establish greater
attack-induced harm.

Table IV separates clean regional excess from the attack-
induced increase at the headline 4.0 m, 1.2-amplitude set-
ting. Across stress and matched-budget aware variants at this
setting, Bayesian paired recovery is 87.5%—96.7%. Bayesian
therefore has smaller attack-induced increases despite greater
absolute excess.

D. Simple Defenses Expose Tradeoffs

No single low-cost defense dominates across attack modes.
Fig. 5 and Table VI compare defenses calibrated on seeds 90-
149 and evaluated on held-out seeds 0-89.

Clipping observed demand at the 90th percentile reduces ab-
solute FP and aware-FP excess but increases paired FN misses,
because it suppresses the high-demand evidence needed to re-
cover masked true demand. A trust-region cap with A = 0.05
improves FN behavior and is competitive with Bayesian water
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Fig. 3. False-positive dose response over 90 seeds. Markers show attack
budgets; lines connect equal-radius amplitude sweeps. Absolute recovery
compares attacked-run Er, not attack-induced change; the dashed line marks
Zero.

TABLE V
KERNEL-AWARE FP: ABSOLUTE ATTACKED-REGION EXCESS
(MEAN =+ 95% CI; m?2-EQ.).

Regime  Variant Naive Bayes Abs. rec.
Normal FP 17.58 £0.75 12.42+0.59 29.3%

Localized Aware stress 2 8.35+0.45 12.05+£0.53 -44.4%
0CalUZEE Aware peak-matched 6.02£0.32 11.91+0.50 -97.7%
Aware Li-matched 11.434+0.63 12.54 £0.69 -9.7%

Normal FP 18.76 +£0.90 13.94+0.75 25.7%

Mixed Aware stress 2 9.924+0.59 13.22+£0.65 -33.2%
¢ Aware peak-matched 7.75+0.48 13.04 £0.62 -68.2%
Aware Li-matched 13.08 £0.78 13.96 +£0.78 -6.7%
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Fig. 4. Kernel-aware FP sensitivity over 90 seeds. Solid/dashed lines show
normal/aware FP. Absolute recovery compares attacked-run Er; negative
values mean greater Bayesian excess, not a paired-effect reversal.

TABLE VI
HELD-OUT SIMPLE-DEFENSE COMPARISON (MEAN =+ 95% CI). FP
EXCESS IS ABSOLUTE; FN IS PAIRED. TRUST CAP A = 0.05.

. FP ex. FP Aware-FP FN miss

Regime  Method (m2-eq)  Abs. rec. ex. (m2-eq.) (m?2)
naive 1758 £0.75 0.0%  8.35+0.45 6.74+1.03
Localized Bayesian 12424+ 0.59 293% 12.05+0.53 1.58+0.42
clipped p90 12.524+0.69 288% 5.50+0.37 11.52+1.30
trust cap 13.43+0.59 23.6% 11.81 £0.53 1.47 +0.22
naive 18.76 £0.90 0.0% 9.92+0.59 5.38+1.09
Mixed Bayesian 13.94+0.75 257% 13.22+0.65 2.49+ 0.56
clipped p90 12.47 £0.72 33.5% 6.56 +£0.41 6.37 +1.31
trust cap 14.57 £0.69 223% 13.07+0.64 0.63+0.18

for FN, though it is not the strongest FP defense. Robust water
is often strong in these absolute-FP summaries but remains a
local-filtering reference baseline, not a validated defense.
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Fig. 5. Simple-defense tradeoff: calibration seeds 90-149; held-out seeds O-
89. Axes show absolute attacked-region FP excess and paired FN missed-area
change. Lower-left is better for these quantities.

V. DISCUSSION

The results show that task-state integrity matters even with
fixed navigation: a corrupted map changes service along an un-
changed route. Bayesian smoothing reduces the tested paired
effects, while clean regional baselines explain the apparent
kernel-aware defense reversal. These results do not establish
exploitation of the smoother. The fixed-constant baseline il-
lustrates why sensitivity is not service quality: its clean and
attacked excess are identical (localized 12.79 4+ 0.57, mixed
13.95 + 0.68 m?-eq. at the headline FP support), giving zero
attack-induced change despite nonzero excess. Simple filters
still expose mode-specific tradeoffs: clipping reduces absolute
FP excess but worsens FN misses, while trust caps better
protect masked demand. These findings motivate evaluating



both service quality and corruption sensitivity, alongside se-
cure telemetry and operator visibility.

These findings are simulation-based. Bayesian hyperparam-
eters are locked; component ablations are needed to distin-
guish smoothing, belief updates, uncertainty, and water-budget
effects. The simple defenses are label-free probes, not tuned
detectors, and targeted white-box attacks are stress tests rather
than deployed-system guarantees. Regional FP excess is not a
complete utility measure. Service and readiness are operational
proxies: real freezing depends on water volume, heat transfer,
operating history, and facility conditions [22], [23], [26], [27],
so magnitudes are comparative.

VI. CONCLUSION

This paper studied the task-state integrity risk that arises
when water allocation depends on a surface-demand map. In
a fixed-route framework, false-positive and false-negative map
attacks produced measurable excess service, missed service,
and readiness impact, and Bayesian smoothing mitigated the
tested paired effects. Kernel-aware false positives produced
greater absolute Bayesian excess than naive allocation under
matched budgets, but smaller attack-induced increases; simple
defenses revealed mode-specific tradeoffs. The practical lesson
is that adaptive resurfacing systems should treat surface-
condition maps as security-critical task state even when the
route is fixed and deterministic. Future work should cali-
brate the service and readiness proxies against real resurfacer
telemetry, study adaptive or randomized smoother scales and
detector-aware attackers, and extend the analysis from the
fixed-route setting toward joint route-and-service planning.
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