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ABSTRACT

Crop type maps underpin food security decisions yet their accuracy depends on
label quality, which in turn depends on survey design choices made under tight
budgets. Survey planners must allocate limited resources across GPS devices,
stratification strategies, sample size, worker training, and verification protocols,
but lack quantitative guidance on which investments yield quality crop maps. We
address this gap by modeling the full chain from survey design to downstream
crop detection accuracy: survey choices map to costs, costs constrain achievable
label noise levels, and noise levels affect crop mapping performance. We imple-
ment 17 noise functions grounded in documented errors from JECAM, World-
Cereal, and LSMS-ISA, and measure degradation on 2 datasets: EuroCrops and
Zambia. Our experiments reveal that label verification matters far more than GPS
accuracy: crop misidentification causes up to 99% F1 loss while 30m GPS jitter
causes only 4%. Dataset-specific noise-to-performance surrogate models achieve
R2=0.87, enabling millisecond what-if queries—but cross-dataset transfer shows
mixed results: Spearman ρ=0.32–0.60 indicates rankings transfer asymmetrically,
and negative R2 reveals degradation predictions fail across contexts. We package
these findings into a programmable protocol-card and web interface that optimizes
survey design given budget constraints.

1 INTRODUCTION

Satellite-based crop type mapping has advanced rapidly with missions like Sentinel-2, yet persis-
tent challenges around survey quality limit deployment. Consider a survey planner with budget
B choosing between GPS devices, stratification strategies, sample sizing, and label verification
protocols—without quantitative guidance, budgets are allocated by following common practices.
Formally, we frame this problem as finding the set of survey protocol choices that minimizes the
gap ∆ = Lrealized −Lideal between classification loss under budget-constrained collection and loss
achievable with perfect labels. Global initiatives have made significant progress toward operational
systems for crop mapping: Van Tricht et al. (2023) demonstrated the feasibility of global-scale,
seasonal crop mapping, though validation revealed substantially lower accuracies in Africa due to
reference data gaps and agricultural landscape complexity. Meanwhile, emerging low-cost labeling
pipelines—helmet-mounted cameras (Nakalembe et al., 2025), drive-by imagery (Paliyam et al.,
2021), and smartphone crowdsourcing—greatly expand training data availability but introduce new
noise sources: approximate geolocation, automated classification errors, and ambiguity from inter-
cropping. Most directly relevant to our work, Azzari et al. (2021) systematically evaluated how
survey choices affect crop classification accuracy in Malawi and Ethiopia, finding that georeferenc-
ing method quality causes 8–24% overestimation of maize area—seemingly small accuracy differ-
ences translate to 0.16–0.47 million hectares of error, showing that label collection methodology
profoundly impacts downstream model performance.

To our knowledge, no existing work provides: (a) a systematic taxonomy of survey label noise
encompassing GPS/centroid shifts, crop misidentification, duplicate labels, and selection bias; (b)
tolerance curves quantifying performance degradation under controlled noise injection; (c) com-
parison of noise sensitivity patterns across agricultural contexts (European commercial vs. African
smallholder); or (d) a compact surrogate model supporting constrained optimization queries. Our
protocol-card fills this gap by linking survey design choices to expected performance loss, enabling
practitioners to make informed tradeoffs between collection effort and downstream accuracy. We
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ask two questions: (1) How does mapping performance degrade under realistic survey-style
label noise? We measure tolerance curves under controlled noise injection and compare sensitivity
across European commercial and African smallholder contexts. (2) Can we provide actionable
recommendations for survey designers? We train a surrogate model that predicts degradation for
unseen protocol settings and supports budget-constrained optimization.

2 METHODS

2.1 DATA

We study centroid-based crop classification on 2 datasets: a self-declared European benchmark and
an African smallholder dataset representing target deployment contexts. Each sample is a field
record with (i) crop label yi ∈ {1, . . . , C}, (ii) a geometry gi (polygon), and (iii) a 64-dimensional
embedding xi from AlphaEarth Foundations (Brown et al., 2025), 10 m annual composites extracted
at the field centroid. We split 80/20 train/test and retain classes with ≥100 samples (EuroCrops) or
all classes (Zambia), excluding intercrops. Given a dataset D = {(xi, yi, gi)}Ni=1, we evaluate a
multi-class classifier hθ trained on embeddings xi to predict yi.

EuroCrops. We use the EuroCrops dataset1, which combines self-declared crop reporting data
from various European Union countries. The dataset uses a hierarchical crop type taxonomy
(HCAT) that harmonizes national classification schemes across member states. Farmers self-declare
crop types annually for EU Common Agricultural Policy subsidies, with administrative verification
processes—making these labels among the highest-fidelity publicly available. We focus on French
parcels from 2018 to align with available satellite embeddings, using 6,916 training and 1,730 test
samples across 15 classes.

Zambia In-Situ. We use a smallholder field dataset from Zambia comprising 621 field polygons
with crop type labels collected via in-situ surveys. The dataset exhibits characteristics typical of
African smallholder agriculture: small field sizes, high intercrop prevalence, and a long-tailed class
distribution dominated by maize. The dataset contains 465 training and 156 test samples across
21 classes, creating a challenging sparse classification setting. This dataset tests whether noise
sensitivity patterns generalize to data-scarce smallholder contexts with complex cropping systems.

2.2 MODELS

Pipeline We split each dataset randomly into train and test fields, keeping the test set clean
throughout. We acquire satellite embedding rasters covering the spatial extent of all field polygons.
During noise simulation, a protocol configuration p corrupts training labels and geometries via noise
functions; we then collapse each (possibly corrupted) polygon to its centroid, extract the embedding,
and train an XGBoost classifier hθ(p), chosen for its fast training time which enables large-scale ex-
ploration of noise configurations. We apply inverse-frequency class weighting (wc = N/(C · nc))
and standardized embeddings; XGBoost uses multi:softprob with log-loss evaluation. We
define F1(p) as the weighted F1 on the clean test set, so changes isolate the impact of survey-style
errors on downstream performance.

Protocol Mapping. A survey’s cost is the sum of its labor (number of enumerators over the col-
lection days), equipment, training, verification, and deduplication costs. Furthermore, survey design
choices map to noise parameters through relationships: GPS device accuracy determines polygon
jitter scale (phone 15m, handheld 5m, survey-grade 0.5m) and neighbor swap radius; training hours
reduce the probability of making label mistakes exponentially; verification level multiplies all error
rates. We created configurable heuristics for such mappings while protocol card users could change
them to reflect different cost structures or error relationships in the interface.

Noise functions. A survey protocol maps directly to a set of noise functions. Let Dtrain be the
clean training split. A protocol configuration p induces a transformation D̃train = Tp(Dtrain), where
Tp applies stochastic noise functions with explicit rates and severities. Noise functions may modify
(i) which samples are collected, (ii) where they are located, (iii) what crop label is recorded, and (iv)

1https://github.com/maja601/EuroCrops
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whether duplicate/conflicting records exist. Table 2 describes our 17 noise functions. Each operator
is parameterized by a rate (i.e., ratio of the dataset impacted) and one or more severity parameters
(e.g., meters of jitter). Like data augmentation pipelines, our noise operators are composable for
simulating protocols where multiple error sources co-occur.

2.3 DIRECTED & RANDOM SEARCH

Tolerance curves For each noise family, we run controlled one-dimensional sweeps: we vary a
single rate/severity parameter over its range while holding other protocol dimensions fixed. Each
configuration is repeated over 3 random seeds; we report the mean and standard error. This yields
tolerance curves F1(λ) characterizing sensitivity to each noise type.

Search We explore the protocol space using two complementary strategies. Random search serves
as a baseline: we sample configurations by selecting subsets of noise functions and drawing their
parameters from predefined ranges (Table 3), producing a broad ledger of heterogeneous corruption
regimes. To concentrate trials near high-impact regions, we augment this with Bayesian optimization
(Optuna TPE, 100 trials/mode) over the same search space, looking for configurations that minimize
or maximize cross-entropy loss and thereby identifying sharp degradation boundaries unlikely to
appear under uniform sampling. Crucially, we constrain parameter ranges to exclude extreme values
(e.g., >20% label flip, >80% subsampling) that would trivially degrade performance but rarely
occur in practice. All trials are logged in a structured table that records protocol configurations and
resulting performance degradation values. This ledger is the training data for the surrogate model
below.

2.4 SURROGATE MODEL

To support fast “what-if” queries for constrained optimization, we fit a surrogate model that predicts
test loss degradation from protocol parameters. We encode a protocol configuration p as a feature
vector ϕ(p) containing (i) which noise functions are active (binary indicators) and (ii) their numeric
parameters (rates and severities). We then train an XGBoost regressor f̂ : ϕ(p) 7→ ∆̂(p) on the 29
features using 5-fold cross-validation for hyperparameter selection to predict test loss degradation
∆(p) = L(p) − Lclean. We use the simulation ledger as supervised training data and evaluate
generalization by holding out protocol configurations.

3 RESULTS

Tolerance Curves We characterize model sensitivity through controlled one-dimensional sweeps
on EuroCrops (European commercial agriculture, baseline F1=0.853) and Zambia (African small-
holder fields, 465 training samples, 21 classes, baseline F1≈0.68). Tolerance curves appear in
Appendix D. We group noise types into three tiers: catastrophic operators (similar-crop confusion,
geometry-label swap) cause 70–99% F1 loss universally at moderate intensities; moderate-impact
operators show context-dependent sensitivity, with subsample and label flip causing ∼2× more
degradation in sparse Zambia (5%, 10%) than data-rich EuroCrops (2%, 5%); low-impact operators
(polygon jitter <5%, duplicates <1%, partial boundary <2%) remain robust across contexts. Road
dropout shows moderate context dependency (3% in EuroCrops vs. 6% in Zambia).

Noise Search We use Bayesian optimization to both minimize and maximize test loss over the
noise parameter space. Table 1 summarizes configurations and fANOVA importance rankings.
Min-Deg identifies the most tolerable corruption (<1 point F1 loss in both datasets). For Max-Deg,
both datasets share similar worst-case configurations: similar-crop confusion, subsampling, and par-
tial boundary corruption cause maximum degradation—EuroCrops (baseline F1=0.853) loses 12.1
points while Zambia (baseline F1=0.684) loses 5.9 points. EC’s larger degradation likely reflects
its higher baseline (higher quality) and larger training set (6,916 vs. 465 samples); ZM’s small
noisy sample size introduces variance that limits directed search. Feature importance reveals that
similar-crop confusion dominates max-degradation in both datasets (77% in EC, 27% in ZM), with
context-specific secondary factors: EuroCrops is additionally sensitive to subsampling and polygon
jitter, while Zambia shows sensitivity to partial boundary corruption and subsampling.

3



ICLR 2026 Machine Learning for Remote Sensing (ML4RS) Workshop

Dataset Config Noise Type Intensity F1 Importance

EC

Baseline — — 0.853 —

Min
Partial Bound. 0.35 (16%)

0.847
Neigh. Swap: 20.7

Duplicate 9% Label Flip: 19.1
Similar Crop 0.33 (7%) Wtd. Subsamp.: 11.8

Max
Similar Crop 0.31 (40%)

0.732
Similar Crop: 77.3

Subsample 84% Subsample: 5.6
Poly. Jitter 3.2m (52%) Poly. Jitter: 2.4

ZM

Baseline — — 0.684 —

Min
Similar Crop 0.52 (22%)

0.675
Wtd. Subsamp.: 28.0

Label Flip 17% Confl. Dup.: 21.5
Poly. Jitter 9.1m (95%) Subsample: 8.3

Max
Subsample 51%

0.624
Similar Crop: 27.1

Similar Crop 0.59 (27%) Partial Bound.: 12.4
Partial Bound. 0.40 (45%) Subsample: 12.1

Table 1: Noise search results. Min-Deg finds tolerable noise; Max-Deg finds worst-case configu-
rations (top 3 noise types shown). Importance column shows fANOVA rankings for each search
direction.

Implications for Survey Design Label verification dominates: similar-crop confusion causes
catastrophic failure (>95% F1 loss) universally. Protocols that separate visually similar crops
(wheat/barley, maize/sorghum) deliver the highest returns. Geometry-label swap causes 70–92%
degradation, making database integrity checks that verify parcel-to-label linkages critical. GPS
accuracy requirements are modest—polygon jitter up to 30m causes only 2–4% degradation, con-
firming consumer-grade GPS suffices for centroid-based classification. Sample size matters more
for sparse datasets: subsampling causes 2% degradation in EuroCrops but 5% in Zambia, so small-
holder surveys should prioritize quality filtering alongside coverage. Duplicate detection has low
priority (<1% harm) and can be deprioritized relative to label verification.

Surrogate Model To enable fast protocol queries without re-running simulations, we train dataset-
specific regressors to predict ∆loss from noise configurations. Each model takes 29 features: cover-
age rates and intensity parameters for active noise types. We use 5-fold cross-validation to tune hy-
perparameters and evaluate on held-out configurations. The EuroCrops surrogate achieves R2=0.87,
while the Zambia surrogate achieves R2=0.57—reflecting higher variance in the sparse, multi-class
setting. Cross-dataset evaluation yields Spearman ρ=0.32 (EC→ZM) and ρ=0.60 (ZM→EC), show-
ing asymmetric transfer: ZM→EC rankings transfer moderately while EC→ZM transfer is weak.
Negative R2 in cross-dataset transfer reflects distribution shift in absolute degradation magnitude.

4 PROTOCOL CARD

We package the learned surrogate into a programmable protocol card that takes a budget cap B and
cost primitives—per-sample cost, GPS cost model (linked to geolocation error), revisit multiplier,
and polygon-vs-point collection ratio—and solves p⋆(B) = argminp ∆̂(p) s.t. cost(p) ≤ B, where
cost(p) composes primitives into protocol-level cost. The card returns: recommended protocol
configuration, predicted degradation ∆̂ with uncertainty bounds, and tolerance curves for relevant
noise families. Only relative degradation matters for protocol comparison. Figure 1 shows the
interactive interface.

5 CONCLUSION

We presented a protocol-card framework linking survey design choices to crop mapping perfor-
mance. While we quantify how noise types degrade performance, the mapping from survey design
(training hours, salary, data cleaning effort) to noise levels remains heuristic—these human fac-
tors vary across contexts. Furthermore, surrogate models do not transfer across regions, limiting
practical impact without a catalog of region-specific surrogates with flexible survey configuration.
Next, we aim to address both gaps: gathering empirical survey data from field partners to calibrate
survey-to-noise relationships, and expanding surrogates across geographies to disentangle univer-
sally important design factors from context-dependent ones.
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A NOISE TAXONOMY

Operator Description Evidence

Label Errors
Label flip Random label reassignment due to misidentification at visit Joint Experiment for Crop Assessment and

Monitoring (2018); Van Tricht et al. (2023)
Similar-crop Confusion between similar crops (wheat/barley, maize/sorghum) Orynbaikyzy et al. (2020)
Non-crop Fallow or infrastructure incorrectly labeled as crop Van Tricht et al. (2023)

Geometry Errors
Polygon jitter Gaussian noise on coordinates from GPS positioning error Azzari et al. (2021)
To-the-edge Shift toward polygon boundary from boundary-walking bias Orynbaikyzy et al. (2020); Lobell et al. (2020)
Partial bound. Drop polygon vertices from incomplete boundary capture Lobell et al. (2020); Schneider et al. (2021)
Geom-label
swap

Geometry linked to wrong label via adjacent record linkage Elmes et al. (2020)

Spatial Bias
To-the-road Shift toward road from oversampling near roads Van Tricht et al. (2023); Joint Experiment for

Crop Assessment and Monitoring (2018)
Road dropout Remove samples far from roads due to remote undersampling Azzari et al. (2021); Carletto et al. (2015)
Neighbor
bleed

Expand polygon toward neighbor via adjacent label propagation Elmes et al. (2020)

Neighbor swap Swap labels between nearby fields due to spatial confusion Elmes et al. (2020)

Class Imbalance
Weaken minor. Drop minority samples; rare crops underrepresented Schneider et al. (2021); Azzari et al. (2021)
Swap w/ larger Replace minority with dominant class label Joint Experiment for Crop Assessment and

Monitoring (2018); Van Tricht et al. (2023)
Subsample Uniform size reduction from reduced sample collection Azzari et al. (2021); Carletto et al. (2015)
Wtd. subsamp. Class-weighted retention for non-uniform sampling Lobell et al. (2020)

Data Quality
Duplicate Exact row copies from same field recorded twice Joint Experiment for Crop Assessment and

Monitoring (2018); Orynbaikyzy et al. (2020)
Conflict. dup. Same location with different labels from disagreement Boogaard et al. (2023)

Table 2: Noise taxonomy: 17 operators with descriptions and literature evidence.

B PROTOCOL CARD INTERFACE

Figure 1: Interactive protocol-card interface. Users configure survey design choices and budget
constraints (left); the tool maps them through the cost model and surrogate to produce an optimized
protocol recommendation with predicted performance impact (right).
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C SEARCH SPACE

Table 3 lists the parameter bounds used in both random and Bayesian search. Each trial activates a
random subset of noise types and samples parameters uniformly within these bounds.

Noise Type Coverage Range Intensity Range Unit

Label flip 0.05–0.25 — —
Similar-crop 0.05–0.40 0.3–0.8 confusion prob.
Polygon jitter 0.10–1.00 3–15 meters
To-the-edge 0.10–0.50 0.1–0.5 fraction
To-the-road 0.10–0.50 50–500 meters
Partial boundary 0.10–0.50 0.1–0.4 fraction
Neighbor bleed 0.10–0.50 5–30 meters
Non-crop 0.01–0.10 10–100 meters
Subsample 0.50–1.00 — retention rate
Wtd. subsample 0.10–0.50 — —
Road dropout 0.10–0.50 100–1000 meters
Swap w/ larger 0.05–0.20 100–1000 meters
Weaken minority 0.10–0.50 0.2–0.6 drop fraction
Duplicate 0.01–0.15 — —
Neighbor swap 0.01–0.10 10–100 meters
Confl. duplicates 0.01–0.10 — —
Geom-label swap 0.01–0.10 50–200 meters

Table 3: Noise parameter search space. Coverage is the fraction of training samples affected; inten-
sity controls error severity.
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D TOLERANCE CURVES
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(a) EC: Non-crop (98%)
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(b) EC: Similar crop (98%)
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(c) EC: Geom-label swap (92%)
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(d) ZM: Non-crop (99%)
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(e) ZM: Similar crop (99%)
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(f) ZM: Geom-label swap (70%)

Moderate-Impact Noise

0.0 0.2 0.4 0.6 0.8 1.0
Conflicted Duplicate Rate

0.75

0.80

0.85

0.90

0.95

1.00

F1
 S

co
re

Conflicted Duplicates
F1
Loss

0.6

0.8

1.0

1.2

Te
st

 L
os

s

(g) EC: Conflicted dup. (13%)
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(h) EC: Subsample (2%)
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(i) EC: Label flip (5%)
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(j) ZM: Conflicted dup. (9%)
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(k) ZM: Subsample (5%)
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(l) ZM: Label flip (10%)
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(m) EC: Jitter (2%)
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Figure 2: Tolerance curves across noise types. Top: Catastrophic noise causes near-complete fail-
ure (>95% F1 drop). Middle: Moderate-impact noise (9–13% for conflicted duplicates). Bottom:
Low-impact noise (<5% degradation). Percentages indicate maximum F1 degradation at full noise
injection.
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