General comments

This study presents the annual updated cropland dataset at 30m resolution for
the year 2000-2024. The proposed method integrates gap-free SDC30 time
series with spectral-semantic sample alignment to generate such valuable
dataset. Such datasets are essential for both crop monitoring community and
land use land cover domains as it makes a substantial contribution to the Earth
system science community by providing a temporally coherent, high-resolution
dataset. While the manuscript is potentially publishable, there are still several
major concerns, in particular the mixture of the different sub-classes of cropland.
The samples used for training is binary cropland and non-cropland while the
intra-class variations of different croplands (permanent crops, temporary crops,
active fallow, etc) will hamper the classification accuracy. Meanwhile, in its
current form, the manuscript suffers from significant shortcomings in
methodological transparency, validation design, and demonstration of novelty
relative to existing products. These deficiencies must be addressed before the
dataset and its documentation meet the publication standards of Earth System
Science Data.

> Thank you for your constructive and comprehensive assessment. We
appreciate your recognition of the value of a global annual 30-m cropland
dataset, while agreeing that the submitted manuscript required greater
methodological transparency, stronger validation of cropland transitions, and
more cautious interpretation of intra-class performance and interannual
consistency. In response, we have explicitly documented the dependence of
the augmented training samples on the GLAD Cropland prior, quantified the
resulting change in cropland-subclass composition, and added a controlled
training-set ablation analysis. We have reframed GACED30 as a harmonized
annual baseline rather than a fully temporally constrained sequence, expanded
the validation framework to include multi-temporal crop-gain and crop-loss
assessments using GLAD Cropland and LUCAS reference samples, applied a

common sample-based area-adjustment framework to all compared products,



and clarified the limitations of distinguishing active fallow, pasture, rangeland,
and bare surfaces at 30 m. We have also moderated claims of product
superiority, added threshold-sensitivity analysis and agro-ecological
diagnostics, corrected the affected figures and table entry, and streamlined the
Data Availability section. We believe these revisions substantially improve the
transparency, evidential support, and appropriate positioning of the dataset.
Major Comments

(1) The manuscript describes a spectral-semantic sample alignment strategy
where candidate locations are stratified using the GLAD Cropland product and
subsequently filtered by an expert-trained model. The final training set is, by
design, heavily conditioned on the spatial priors of GLAD. This could artificially
suppress the detection of cropland types that GLAD systematically misses (e.g.,
tree crops, permanent crops, etc). The authors must provide a rigorous analysis
of the independence of the final training sample set from the GLAD prior.
Specifically, what is the proportion of "augmented" samples that fell outside of
GLAD cropland masks? Without this, the claim of outperforming GLAD in areas
where GLAD is known to be weak is not fully substantiated. At the same time, |
suggest to consider the dataset described in the peer-reviewed paper ‘A global
reference dataset for land cover mapping at 10 m resolution’ to amend the
training set.

> Thank you for identifying this important dependence. We agree that the
original manuscript did not sufficiently disclose how the final training set
remained influenced by the GLAD Cropland spatial prior, particularly for
cropland categories that GLAD does not consistently represent, such as
permanent woody crops and agricultural structures.

For the literal question concerning only the spatially augmented Cropland
samples, none fell outside the GLAD Cropland mask by construction: the
augmented candidates were stratified using GLAD and retained only when the
FAST-Crop-trained classifier agreed with the prior label. The augmented

Cropland tier therefore cannot independently recover cropland omitted by



GLAD. We agree, however, that the more informative measure of the final
training set's independence is the representation contributed by the expert-
annotated FAST-Crop tier. Orchard and Greenhouse samples, which represent
categories not consistently included as cropland by GLAD, accounted for
approximately 11% of the FAST-Crop Cropland subset. After the GLAD-
conditioned augmented samples were added, these categories accounted for
approximately 3% of the final combined Cropland training set. We now report
this compositional change explicitly and acknowledge that augmentation
increased geographical coverage while reducing the relative representation of
categories outside the GLAD definition.

To evaluate whether this compositional shift affected binary recognition of
the individual FAST-Crop subclasses, we added a controlled training-set
ablation experiment. Adding the augmented samples increased F1 by 0.025 for
Other Farmland, by 0.035 for Bare Farmland, and by 0.055 for Greenhouse.
Orchard showed a smaller decrease of 0.017, from 0.574 to 0.557, while Rice
Paddy decreased by 0.055. These results do not demonstrate independence
from GLAD, but they show that the FAST-Crop tier continued to provide
information for orchard recognition after augmentation. We therefore interpret
the ablation as partly qualifying, rather than eliminating, the potential limitation
caused by the reduced representation of GLAD-excluded cropland categories.

We also agree that the original comparison with GLAD Cropland was too
strong. We have revised the Puglia example and the general accuracy
interpretation so that broader mapped coverage is described as consistent with
the GACED30 definition rather than as quantitative evidence of superior
orchard detection. Finally, we carefully considered your suggestion to use the
global 10-m reference dataset of Lesiv et al. (2025). Although it provides
valuable independent reference locations, its Crops class primarily represents
annually harvested crops, while perennial woody crops may be assigned to
Trees or Shrubs and its Fallow/Shifting Cultivation class is not directly

equivalent to the GACED30 active-fallow definition. Directly merging its original



labels would therefore not necessarily resolve the same semantic under-
representation. We have identified harmonized reinterpretation of these
samples as a priority for future training-set development.
The manuscript has been revised as follows:

A. Abstract and Sect. 1, Lines 16—22 — We moderated the description of sample
alignment and the inter-product performance claims, and we now distinguish
strong agreement under the adopted reference definition from definition-
independent superiority.

“The mapping framework combines gap-free SDC30 observations, spectral-
semantic alignment of expert-annotated and spatially augmented samples, and
rule-based spatial and temporal refinement. Independent classifiers were
trained for each year using a common observation, feature, sample-
construction, and modeling protocol, and the resulting annual record was used
to derive pixel-level Cropping Frequency and 1 km Structural Evolution
Indicators. Against independent stable-site FAST-Crop samples, GACED30
achieved an overall accuracy of 96.5% and an F1 score of 0.844. Multitemporal
assessments using GLAD Cropland and LUCAS reference samples showed
higher recall and F1 scores than GLC_FCS30D for both crop gain and crop loss,

although the absolute transition scores remained modest.”

B. Sect. 2.2, Lines 142-148 — We clarified the role and definitional scope of the
GLAD Cropland prior and explained that it was used for spatial stratification
rather than as a complete representation of the GACED30 definition.

“Further, the GLAD Cropland product served as a thematic stratification layer
for generating the spatially augmented candidate pool. Its long-term record
(Potapov et al., 2022) enabled candidate sampling across established
cultivation zones and under-represented ecoregions. However, GLAD
principally represents annual and perennial herbaceous crops and excludes
tree crops, whereas GACED30 additionally includes permanent woody crops

and agricultural structures. GLAD was therefore used as a spatial prior rather



than as a complete representation of the GACED30 cropland definition, and its
candidate labels were subsequently screened using a classifier trained on the
expert-annotated FAST-Crop samples. The GLAD Cropland product and its
associated validation sample set are available from

https://glad.umd.edu/dataset/croplands.”

C. Sects. 2.3.1 and 3.2.1, Lines 158-170 — We quantified the representation of
Orchard and Greenhouse samples, reported their reduction from approximately
11% of the FAST-Crop Cropland subset to approximately 3% of the final
Cropland training set, and explicitly acknowledged that the augmented samples
remained dependent on the GLAD spatial prior.

“Within the FAST-Crop cropland subset, Orchard and Greenhouse samples,
which represent categories not consistently included as cropland by GLAD,
accounted for approximately 11% of the samples.

To expand the geographical coverage of this expert-annotated baseline, we
generated a spatially augmented sample set using global equal-area sampling
and GLAD-based thematic stratification, followed by agreement screening with
a FAST-Crop-trained classifier, spatial-spectral distribution screening,
performance-quided subset selection, and year-specific weak-label screening
(Sect. 3.2.1 and Sects. S1.1-S1.2). This multi-stage procedure yielded 332,471
retained sample locations. Because the augmented cropland tier predominantly
represented categories included within the GLAD cropland definition, adding
these samples reduced the combined proportion of Orchard and Greenhouse
samples from approximately 11% in the FAST-Crop cropland subset to
approximately 3% in the final cropland training set. The potential effect of this
compositional shift was evaluated through the training-set ablation experiment

reported in Sect. 4.1.1 and Sect. S1.3.”



D. Sect. S1.3 and Table S3, Lines 80-101 — We added a controlled training-set
ablation experiment comparing FAST-Crop-only training with the final combined

training set and reported subclass-specific binary macro-F1 scores.

Table S3. Subclass-specific binary macro-F1 scores for classifiers trained with the
FAST-Crop samples alone and with the final combined training set.

FAST-Crop subclass FAST-Crop only FAST-Crop + augmented Change in macro-F1

Rice Paddy 0.504 0.449 -0.055
Greenhouse 0.400 0.455 +0.055
Other Farmland 0.433 0.458 +0.025
Orchard 0.574 0.557 -0.017
Bare Farmland 0.464 0.498 +0.035

Note: Each row represents a separate binary comparison between the indicated
cropland subclass and the non-cropland evaluation samples. The values do not
constitute a multiclass assessment of confusion among cropland subclasses. The
Greenhouse result should be interpreted cautiously.

“To assess whether the change in training-sample composition affected the
binary recognition of individual FAST-Crop subclasses, we performed a
controlled training-set ablation experiment. Two CatBoost classifiers were
trained using the same modelling protocol. The first classifier used only the
expert-annotated FAST-Crop training samples, whereas the second used the
final training set combining the FAST-Crop and filtered spatially augmented
samples. Both classifiers were evaluated using the same subclass-labelled
FAST-Crop evaluation samples.

Because the GACEDS30 classifier produces binary Cropland and Non-
cropland predictions, this experiment was not a multiclass subclass
assessment. Instead, each cropland subclass was evaluated separately
against the non-cropland evaluation samples, with other cropland subclasses
excluded from that comparison. The resulting binary macro-F1 scores therefore
measure whether samples belonging to a given subclass continued to be
distinguished from non-cropland after augmentation. They do not quantify
confusion among the individual cropland subclasses.

Adding the spatially augmented samples increased macro-F1 from 0.433

to 0.458 for Other Farmland and from 0.464 to 0.498 for Bare Farmland.



Orchard showed a smaller numerical decrease from 0.574 to 0.557, whereas
Rice Paddy decreased from 0.504 to 0.449. The Greenhouse score increased
from 0.400 to 0.455, but only six Greenhouse evaluation samples were
available, precluding a reliable interpretation. These descriptive results indicate
that augmentation improved binary performance for the two largest
conventional subclasses while producing a small observed decrease for
Orchard. The FAST-Crop tier therefore continued to provide the classifier with
information for recognizing orchards as cropland, although the analysis does
not eliminate the potential limitation associated with their reduced

representation in the combined training set.”

E. Sect. 4.1.1, Lines **—** — We qualified the inter-product accuracy comparison
and summarized the subclass-ablation results without treating them as a
multiclass assessment or proof of independence from GLAD.

“Part of the mismatch with peer products may reflect differences in cropland
definitions rather than mapping errors alone. Specifically, GACED30 includes
orchards and active fallow but excludes temporary meadows and pastures,
whereas peer products differ in their treatment of these categories. Temporal
mismatches between the validation samples and product layers may also
contribute to the observed differences. The metrics in Table 2 should therefore
be interpreted as the products' relative agreement with the adopted FAST-
Crop/GACEDS30 definition rather than as evidence of universal superiority
across all cropland categories. Accordingly, Table 2 supports the static thematic
reliability of GACED30 under the adopted Cropland/Non-cropland reference
definition but does not directly assess its ability to detect inter-period cropland
changes.

The classifier benchmark provided additional empirical support for selecting
CatBoost (Table S2). CatBoost achieved the highest F1 score of 0.8358,
compared with 0.832 for XGBoost and 0.828 for Random Forest. On the
common NVIDIA A100 platform, CatBoost processed 3,148,493 samples/sec,



compared with 719,361 samples/sec for XGBoost, corresponding to
approximately 4.4 times the observed full-batch GPU inference throughput.
Random Forest processed 163,614 samples/sec on the CPU platform.
Because Random Forest and the two boosting models were evaluated on
different processor architectures, the Random Forest throughput is reported as
an implementation-specific reference rather than a hardware-normalized
comparison. Overall, CatBoost provided the highest observed F1 score and the
fastest GPU inference among the evaluated implementations.

We further conducted a training-set ablation experiment to examine
whether adding the GLAD-conditioned augmented samples affected binary
cropland recognition for the second-level FAST-Crop subclasses (Table S3).
Adding the augmented samples increased F1 score by 0.025 for Other
Farmland, by 0.035 for Bare Farmland and by 0.055 for the Greenhouse.
Orchard showed a smaller decrease of 0.017, from 0.574 to 0.557, whereas
Rice Paddy decreased by 0.055. Thus, despite the reduction in the relative
representation of Orchard and Greenhouse samples, the FAST-Crop tier
continued to support orchard recognition, with only a small observed decrease
in Orchard performance. Nevertheless, the analysis qualifies rather than
eliminates the potential influence of GLAD-conditioned augmentation on
categories outside the GLAD cropland definition. Because each subclass was
evaluated separately against non-cropland, these results should be interpreted

as a binary sensitivity analysis rather than a multiclass subclass assessment.”

F. Sect. 4.2.1, Lines 665—-680 — We revised the Puglia comparison and the other
qualitative examples so that they illustrate differences in mapped spatial
patterns rather than serve as case-specific validation of particular cropland
subclasses.

“To illustrate inter-product differences in challenging agricultural landscapes,
we compared the 2020 GACED30 layer with temporally corresponding
GLC_FCS30D and ESA WorldCover layers and the 2019 GLAD Cropland



epoch (Fig. 4). The selected cases include cloud-prone, semi-arid, fragmented,
and spectrally ambiguous agricultural environments and are intended to
illustrate differences in mapped spatial patterns rather than provide case-
specific accuracy validation.

In the Willamette Valley, USA (Fig. 4a), the products differ in their
representation of managed grass-seed fields that may be spectrally similar to
pasture and hay (Mueller-Warrant et al., 2011). Substantial differences are also
visible in the drought-prone Murray—Darling Basin, Australia (Fig. 4d), where
fallow cropland, pasture, and semi-arid vegetation can be difficult to distinguish
(Xie et al., 2024). In Puglia, Italy (Fig. 4b), GACED30 maps broader cropland
coverage across the mixed olive-grove and annual-crop landscape than GLAD
Cropland, consistent with the inclusion of permanent woody crops in the
GACEDA30 definition (Damianidis et al., 2021). In the Gezira Scheme, Sudan
(Fig. 4c), the products differ in their treatment of temporarily bare fields within
the irrigated agricultural landscape.

Differences are also apparent in the fragmented paddy and aquaculture
landscape of the Ganges Delta, Bangladesh (Fig. 4e), and in the persistently
cloud-prone Chocé Department, Colombia (Fig. 4f), where GACED30 produces
a comparatively continuous mapped cropland pattern. These examples
demonstrate how product definitions, observation strategies, and temporal
representations influence mapped cropland patterns; without independent
case-specific reference data, they should not be interpreted as quantitative

evidence that one product is universally more accurate.”

G. Sects. 5.1 Lines 827-831 and 5.3, Lines 876-881 — We added the GLAD-
conditioned sample composition as an explicit methodological trade-off and
limitation, and clarified that strong binary accuracy does not imply equally well-
constrained performance for every cropland subtype.

‘Differences among the adjusted inter-product trajectories should also be

interpreted in relation to product definitions and mapping strategies. GACED30



includes permanent woody crops and active fallow while excluding temporary
meadows and pastures, and its GLAD-conditioned augmentation changes the
representation of individual cropland subclasses. Consequently, the
comparatively gradual global increase and the associated regional patterns
should be understood within the adopted cropland definition and statistical trend
criteria rather than as evidence that alternative products are erroneous.”

“The augmented Cropland layer also retains the influence of the GLAD
Cropland spatial prior. Because GLAD Cropland excludes some categories
included in GACED30, permanent woody crops and agricultural structures were
represented primarily by the FAST-Crop tier and accounted for approximately
3% of the final combined Cropland training set. The ablation experiment
indicated that the effects of augmentation varied among FAST-Crop subclasses,
including a small decrease in Orchard performance. Strong binary cropland
accuracy should therefore not be interpreted as demonstrating equally well-

constrained performance for every cropland subtype.”

H. Sect. 5.3 and References, Lines **—** — We added Lesiv et al. (2025) and
explained that its reference locations require reinterpretation and harmonization
with the GACED30 definition before they can be incorporated into future
training-set development.

“Future development should prioritize three directions. First, integration of 10-
m observations and in-season phenological information could improve the
representation of small fields and enable more detailed characterization of
annual management. Second, additional independent reference datasets
should be incorporated after harmonization with the GACED30 definition; for
example, samples from Lesiv et al. (2025) would require reinterpretation of

woody crops and fallow or shifting-cultivation classes before use.”

(2) The strength of the proposed dataset is the annually updated, inter-annual

consistency. However, it is not clear how the proposed method ensure the



consistency. Accordingly to the description in Line 227, the authors utilized
year-specific CatBoost models to do binary classification. In this case, the
CatBoost models trained in one year has no linkage with the next year or the
year before. It is not convincing that such annual mapped cropland be
consistency across years.

> Thank you for raising this important distinction. You are correct that
independently trained year-specific CatBoost models do not, by themselves,
impose temporal coupling between adjacent annual maps. Our original wording
did not adequately distinguish a harmonized annual production framework from
explicitly enforced pixel-level interannual consistency.

The annual classifiers use the same harmonized SDC30 input framework,
feature representation, expert-reference basis, sample-construction and
screening protocol, and CatBoost configuration. These common elements
reduce observational discontinuities and standardize the annual production
process, thereby supporting cross-year comparability. However, they do not
guarantee a temporally constrained classification trajectory, and the annual
training subsets are not identical because augmented point-year labels can be
excluded separately through year-specific CleanLab screening.

The only direct linkage between adjacent annual maps is the limited post-
classification rotation rule in Sect. 3.3.1. This rule retains an uncertain one-year
observation as Cropland only when the same pixel is confidently classified as
Cropland in both the preceding and succeeding years. It therefore addresses a
restricted class of isolated one-year gaps rather than smoothing or constraining
the complete series. Similarly, the Mann—Kendall and Theil-Sen analyses
operate on the completed annual maps and do not retrospectively constrain the
annual classifications.

We have therefore replaced wording implying complete temporal
consistency with the more accurate description of GACED30 as a harmonized

annual baseline. Annual coverage and cross-year comparability remain



important properties of the dataset, but they are no longer conflated with
enforced pixel-level interannual consistency.

The manuscript has been revised as follows:
A. Title and Abstract, We replaced 'a consistent baseline' with 'a harmonized
baseline' and stated that independent year-specific classifiers were trained
under a common observation, feature, sample-construction, and model

protocol.

B. Sects. 3.2 269-273 and 3.2.1, Lines 301-314 — We stated that the annual
classifiers were independently trained, that direct temporal linkage was limited
to Sect. 3.3.1, and that year-specific weak-label screening produced annual
training subsets that shared a common framework but were not identical.

“To generate annual cropland probability maps under a common mapping
framework, we first constructed spatially extensive and thematically
harmonized annual training subsets through multi-stage sample alignment and
year-specific weak-label screening (Sect. 3.2.1). We subsequently used year-
specific CatBoost models to estimate pixel-wise cropland probabilities across
the 2000-2024 archive (Sect. 3.2.2). The annual classifiers were trained
independently, and direct temporal linkage between their outputs was
introduced only through the limited post-classification rotation rule described in
Sect. 3.3.1.”7

“Finally, annual weak labels were assigned directly to the selected spatial
samples for 2000-2024. For 2000-2019, the label from each GLAD Cropland
epoch was assigned to every year covered by that epoch; because GLAD
Cropland provides no subsequent epoch, the 2016—2019 labels were also used
as the initial weak labels for 2020-2024. For each year, five-fold out-of-fold
CatBoost probabilities were generated using StratifiedKFold(n_splits=>5,
shuffle=False) and supplied to CleanLab’s default find_label_issues procedure
(Northcutt et al., 2021). FAST-Crop labels were treated as fixed reference labels

and were excluded from possible pruning, whereas only the augmented point-



year labels were eligible for screening. No manually selected probability or
confidence threshold was applied. An augmented point-year flagged by
CleanLab was excluded from the training sample set for the corresponding
annual classifier, and an augmented location was removed entirely when more
than 25% of its 25 annual labels were flagged, corresponding to at least seven
years. This procedure screens year-specific weak-label conflicts rather than
imposing a transition rule between adjacent years. The annual training subsets
therefore shared the same expert-reference basis, feature definition, sample-
construction framework, and screening procedure, but were not identical
because augmented point-year labels could be excluded separately for each
annual classifier. After annual weak-label assignment and screening, the final
augmented sample set contained 332,471 locations, comprising approximately

25,000 Cropland and 307,000 Non-cropland samples.”

C. Sect. 3.2.2, Lines 326-334 — We explicitly stated that no parameter sharing,
temporal regularization, or model-level coupling was imposed between
adjacent annual models, and distinguished cross-year comparability from
enforced consistency.

“The trained year-specific CatBoost models were applied to the corresponding
annual SDC30 feature stacks to generate pixel-wise cropland probability maps
for 2000-2024. Because these classifiers were fitted independently, no
parameter sharing, temporal regularization, or explicit model-level coupling was
imposed between adjacent years. Cross-year comparability is supported by the
harmonized SDC30 input framework—which reduces observational
discontinuities associated with missing observations and sensor transitions—
and by the common feature representation, sample-construction protocol, and
classification configuration. These measures standardize the annual mapping
process but do not enforce complete pixel-level interannual consistency. Direct
temporal evidence is introduced only through the limited post-classification

rotation rule described in Sect. 3.3.1. Production training and inference were



performed on the high-performance iEarth remote-sensing cloud computing

platform hosted by Pengcheng Laboratory.”

D. Sect. 3.3.1, Lines 344-352 — We renamed and delimited the temporal rule,
explaining that it targets only uncertain isolated one-year observations and
does not impose general consistency across the annual series.

‘Because the annual CatBoost models were trained independently, temporal
evidence was introduced after classification through a limited rotation rule
targeting uncertain observations. Specifically, we identified pixels within the
probability interval (P € [0.3, 0.5]), which would otherwise be classified as
Non-cropland under the standard binary threshold.

For a pixel in year t, an uncertain observation within this interval was
retained as Cropland under a temporary-fallow interpretation only when the
same pixel was classified as active cropland (P>0.5) in both the preceding year
t-1 and succeeding year t+1. This rule bridges isolated one-year gaps that are
compatible with temporary fallow or weak phenological signals. The temporal
context reduces, but does not eliminate, confusion with spectrally similar
pasture, rangeland, or bare surfaces. The rule does not alter observations with
probabilities below 0.3, smooth complete pixel trajectories, or impose general

temporal consistency across the annual series.”

E. Sect. 4.3.2, Lines **—** — We removed the circular interpretation of Cropping
Frequency as independent evidence of temporal consistency and now present
it as a descriptive indicator derived from the annual classifications themselves.
“‘Regions exhibiting a cropping frequency approaching 100% (represented by
the darkest orange tones in Fig. 7) delineate areas with persistently mapped
cropland status. These areas broadly coincide with established agricultural
regions, including the US Corn Belt, the North China Plain, and the Indo-
Gangetic Plain. In these core production zones, the high frequency indicates

that the corresponding pixels were classified as Cropland in most years under



the common annual mapping protocol. Because cropping frequency is derived
from the GACED30 classifications themselves, it should be interpreted as a
descriptive temporal indicator rather than as independent validation of pixel-
level interannual consistency. Conversely, extensive areas in rainfed
agricultural regions, particularly the Sahel, Central Asia, and parts of Australia,
exhibit intermediate cropping frequencies, typically between 40% and 70%.
These values may reflect rotational systems, shifting cultivation, land-cover
transitions, variable expression of fallow conditions, or residual annual
classification variability. They should therefore be interpreted together with the

Structural Evolution Indicators and complementary regional evidence.”

F. Sects. 5.1, 5.3, and 6 — We discussed the basis and limits of cross-year
comparability, acknowledged that complete pixel-level interannual consistency
is not enforced, and consistently described GACED30 as a harmonized annual

baseline in the Conclusion.

(3) Inter-comparison methodology in particular for area estimation based on
different datasets are inconsistent. In Section 3.5.2, the authors correctly apply
sample-based area estimation only to GACED30. While the area totals and
trends for GLAD, ESA WorldCover, and GLC_FCS30D are derived from simple
pixel counting, the GACED30's area is adjusted for omission/commission errors.
A pixel-count comparison between a bias-corrected map (GACED30) and
uncorrected maps is not a fair assessment.

> Thank you for identifying this methodological inconsistency. You are correct
that the submitted comparison combined the sample-adjusted GACED30 area
with unadjusted mapped-area estimates for the peer products. Although the
peer mapped areas were calculated using CRS-aware pixel areas rather than
nominal pixel counts, they were not adjusted for their product-specific omission
and commission errors. We agree that this did not provide a consistent basis

for inter-product comparison.



We have therefore recalculated the area series of every map product shown
in Fig. 6a using the same sample-based area-adjustment framework. For each
product, we constructed a separate binary confusion matrix using the available
layer or epoch closest to the FAST-Crop reference imagery time. For every
available product year or epoch, its CRS-aware Cropland and Non-cropland
area proportions were then combined with its own confusion matrix to derive
the sample-adjusted cropland area, standard error, and 95% confidence
interval. We also state the assumption that applying a fixed product-specific
confusion matrix across a temporal series requires its error structure to remain
reasonably stable over the corresponding coverage period.

The revised comparison therefore places all map products under a common
adjustment framework while preserving differences in their native definitions,
temporal coverage, and mapping behaviour. We have correspondingly
regenerated Fig. 6 and rewritten Sect. 4.3.1 so that the trajectories are
interpreted as product-specific estimates rather than a ranking based on
adjusted versus unadjusted areas.

The manuscript has been revised as follows:

A. Sect. 3.5.4, Lines 501-510 — We replaced the GACED30-only adjustment
with a common sample-based area-adjustment framework applied separately
to every map product and stated the fixed-error-matrix assumption.

“To ensure a consistent inter-product comparison, we applied the same sample-
based area-adjustment framework to all map products shown in Fig. 6a. The
FAST-Crop reference set was generated using stratified random sampling
based on the underlying land-surface classes, together with a global equal-area
hexagonal framework for spatial stratification. For each product, one product-
specific binary confusion matrix was constructed using the available layer or
epoch closest to the FAST-Crop reference imagery time. For every available
year or epoch, the CRS-aware mapped Cropland and Non-cropland area
proportions were combined with the corresponding product-specific confusion

matrix to obtain sample-adjusted global cropland areas. Standard errors and



95% confidence intervals were calculated consistently following Olofsson et al.
(2014) and Tyukavina et al. (2025). This procedure retains the product-specific
omission and commission patterns while placing all area estimates relative to
the same FAST-Crop reference definition. Applying a fixed confusion matrix
across each product series assumes that its error structure remains reasonably

stable over the corresponding temporal coverage.”

B. Figure 6 — We regenerated all map-product trajectories using the consistently
sample-adjusted estimates. The shaded uncertainty bands represent the

corresponding 95% confidence intervals.
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Figure 6. Inter-annual variation and trends in global cropland area from 2000 to
2024. (a) Global cropland-area trajectories from GACED30, GLC_FCS30D,
GLAD Cropland, Esri Land Cover, ESA WorldCover, and FAOSTAT. (b) Global
and continent-level trends in cropland extent.

C. Sect. 4.3.1, Lines 702-719 — We replaced the comparison between adjusted
and unadjusted area series with the consistently adjusted results and now
interpret the remaining differences in relation to product-specific temporal
coverage, definitions, and mapping behaviour.

“The sample-adjusted GACED30 series estimated global cropland area at
1458.5 Mha (95% CI: 1428.2—-1488.8 Mha) in 2000, 1483.3 Mha in 2020, and
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1488.5 Mha (1457.7-1519.3 Mha) in 2024 (Fig. 6a). This represents a net
increase of approximately 30.0 Mha, or 2.1%, from 2000 to 2024,
corresponding to an average increase of approximately 1.2 Mha year™".

The consistently adjusted peer-product series showed different area levels
and endpoint changes over their respective periods. GLC _FCS30D increased
from 1347.2 Mha in 2000 to 1401.8 Mha in 2022, whereas GLAD Cropland
increased from 1424.6 Mha for the 2000-2003 epoch to 1514.5 Mha for the
2016-2019 epoch. Over its shorter temporal coverage, Esri Land Cover
increased from 1511.1 Mha in 2017 to 1561.4 Mha in 2024. ESA WorldCover
showed little change between its two available years, decreasing from 1520.8
Mha in 2020 to 1516.3 Mha in 2021. These results show that the adjustment
does not force the products toward a common trajectory; substantial differences
in both estimated area and temporal evolution remain. GACED30 provides a
continuous 25-year annual record with a comparatively gradual long-term
increase. Across products, the adjusted estimates form a continuum shaped by
product-specific mapping behavior and native definitions, particularly their
treatment of perennial woody crops, active fallow, temporary meadows and

pastures, and mixed agricultural mosaics.”

(4) The paper explicitly excludes "Temporary meadows and pastures" to avoid
overestimation but includes "Active Fallow." In reality, differentiating a fallow
field (bare soil) from a plowed temporary pasture or a degraded rangeland using
30-m Landsat time series is extremely challenging spectrally.
> Thank you for highlighting this observational challenge. We agree that
temporary fallow, ploughed pasture, degraded rangeland, and natural bare or
sparsely vegetated surfaces can exhibit similar spectral and phenological
characteristics at 30-m resolution and cannot be perfectly separated in every
landscape.

In GACEDS30, the inclusion of active fallow and exclusion of temporary

meadows and pastures define the intended semantic scope of Cropland, but



this definition does not guarantee complete pixel-level discrimination. The
limited rotation rule retains an uncertain one-year observation as Cropland only
when both adjacent years are confidently classified as Cropland. Topographic
and temporal information can reduce confusion with pasture, rangeland, and
natural bare surfaces, but cannot eliminate it.

We have therefore removed categorical wording such as 'successfully
distinguishes," 'correctly identifies," and ‘effectively filters out." The revised
manuscript describes the relevant features and temporal context as reducing
ambiguity, treats the challenging-landscape comparisons as qualitative
illustrations rather than direct validation, and explicitly acknowledges the
remaining uncertainty in Sect. 5.3, particularly in semi-arid cropland-rangeland
mosaics.

The manuscript has been revised as follows:

A. Sect. 2.1, Lines 108—-127 — We clarified that active fallow is included as part
of a cultivation rotation and that long-term phenological information is used to
reduce, rather than eliminate, confusion with abandoned or naturally barren
land.

Please paste the complete cropland-definition passage beginning with:

“Unlike general land cover products that characterize the instantaneous
physical state of the surface (e.qg., bare soil or green vegetation) (Di Gregorio
and Jansen, 2005), GACEDJ30 defines "Cropland” based on the evidence of
active anthropogenic management cycles. Crucially, we view the temporal
absence of vegetation not merely as "bare land," but often as a functional phase
of the agricultural system—specifically, the fallow period required for soil
recovery or rotation. To ensure the dataset serves as a valid baseline for food
security assessment, we aligned our definition with the FAQO standards,
specifically targeting the Cropland category, which aggregates "Arable land"
and "Permanent crops” (Tubiello et al., 2023b). Consequently, the GACED30

cropland class encompasses the following actively managed categories:



Annual Herbaceous Crops: Corresponding to the FAO’s "Temporary crops,”
this includes land used for crops with a less-than-one-year growing cycle, such
as cereals (e.g., rice, wheat, maize) and vegetables.

Perennial Woody Crops: Corresponding to FAO’s "Permanent crops,” this
includes orchards, vineyards, and plantations that do not require replanting for
several years. This inclusion is critical, as many existing remote sensing
products exclude woody crops, leading to significant area underestimations.

Active Fallow: Aligning with FAQO’s “Temporary fallow,” we include land that
is temporarily resting as part of a cultivation rotation. Long-term phenological
information was used to reduce confusion between temporary fallow and
abandoned or naturally barren land.

Agricultural Structures: This includes greenhouses and other permanent
production structures essential to modern agricultural systems.

While FAO includes “Temporary meadows and pastures,” defined as land
cultivated with forage for less than five years, these areas are often spectrally
similar to natural grasslands in satellite imagery. Temporary meadows and
pastures were excluded from the target cropland definition to reduce the

inclusion of pasture and rangeland.”

B. Sects. 2.2 Lines 137-141and 3.1, Lines 261-265 — We revised the
descriptions of NASADEM and topographic features so that they provide
contextual information and help reduce confusion without implying definitive
separation.

“To provide additional topographic context, we integrated elevation, slope, and
aspect derived from NASADEM (NASA JPL, 2020). These variables provide
information on whether bare surfaces occur in terrain that is broadly compatible
with cultivation and thereby help reduce confusion between agricultural bare
land and natural barren areas in terrain less suitable for farming. The digital
elevation model can be accessed via the NASA Earthdata portal at

https.//www.earthdata.nasa.gov/data/catalog/Ipcloud-nasadem-hgt-001.”



“To further constrain the model against false positives in non-arable terrain, we
appended five auxiliary features to the spectral vector. We utilized NASADEM
to derive Elevation, Slope, and Aspect, helping the model distinguish flat arable
land from natural vegetation on steep slopes, where extensive cultivation is
generally less likely. Additionally, pixel-level Latitude and Longitude were
included not merely as location variables, but to implicitly represent broad agro-
climatic variation, allowing the model to adapt to geographical differences in

crop calendars.”

C. Sect. 3.3.1, Lines 344-352 — We replaced the categorical reclassification of
Active Fallow with retention as Cropland under a temporary-fallow
interpretation and explicitly stated the remaining ambiguity.

‘Because the annual CatBoost models were trained independently, temporal
evidence was introduced after classification through a limited rotation rule
targeting uncertain observations. Specifically, we identified pixels within the
probability interval (P € [0.3, 0.5]), which would otherwise be classified as
Non-cropland under the standard binary threshold.

For a pixel in year t, an uncertain observation within this interval was
retained as Cropland under a temporary-fallow interpretation only when the
same pixel was classified as active cropland (P>0.5) in both the preceding year
t-1 and succeeding year t+1. This rule bridges isolated one-year gaps that are
compatible with temporary fallow or weak phenological signals. The temporal
context reduces, but does not eliminate, confusion with spectrally similar
pasture, rangeland, or bare surfaces. The rule does not alter observations with
probabilities below 0.3, smooth complete pixel trajectories, or impose general

temporal consistency across the annual series.



D. Sect. 4.2.1, Lines 665-680 — We revised the Willamette Valley, Murray-
Darling Basin, Puglia, and Gezira descriptions to report differences in mapped
patterns without treating them as validation of fallow-pasture discrimination.
“To illustrate inter-product differences in challenging agricultural landscapes,
we compared the 2020 GACED30 layer with temporally corresponding
GLC _FCS30D and ESA WorldCover layers and the 2019 GLAD Cropland
epoch (Fig. 4). The selected cases include cloud-prone, semi-arid, fragmented,
and spectrally ambiguous agricultural environments and are intended to
illustrate differences in mapped spatial patterns rather than provide case-
specific accuracy validation.

In the Willamette Valley, USA (Fig. 4a), the products differ in their
representation of managed grass-seed fields that may be spectrally similar to
pasture and hay (Mueller-Warrant et al., 2011). Substantial differences are also
visible in the drought-prone Murray—Darling Basin, Australia (Fig. 4d), where
fallow cropland, pasture, and semi-arid vegetation can be difficult to distinguish
(Xie et al., 2024). In Puglia, Italy (Fig. 4b), GACED30 maps broader cropland
coverage across the mixed olive-grove and annual-crop landscape than GLAD
Cropland, consistent with the inclusion of permanent woody crops in the
GACEDA30 definition (Damianidis et al., 2021). In the Gezira Scheme, Sudan
(Fig. 4c), the products differ in their treatment of temporarily bare fields within
the irrigated agricultural landscape.

Differences are also apparent in the fragmented paddy and aquaculture
landscape of the Ganges Delta, Bangladesh (Fig. 4e), and in the persistently
cloud-prone Chocé Department, Colombia (Fig. 4f), where GACED30 produces
a comparatively continuous mapped cropland pattern. These examples
demonstrate how product definitions, observation strategies, and temporal
representations influence mapped cropland patterns; without independent
case-specific reference data, they should not be interpreted as quantitative

evidence that one product is universally more accurate.”



E. Sect. 5.3, Lines 859-867 — We expanded the limitations to state that
temporary fallow, ploughed pasture, degraded rangeland, and natural bare or
sparsely vegetated surfaces may remain spectrally and phenologically similar
at 30 m.

“The principal spatial and semantic limitations of GACED30 arise from its binary
class structure and 30-m spatial resolution. Active cultivation and rotational
fallow are represented within a single Cropland class, so the dataset does not
distinguish their annual management status. Fields smaller than or comparable
to a Landsat pixel may be omitted or spatially smoothed, particularly in
fragmented smallholder landscapes. Temporary fallow, ploughed pasture,
degraded rangeland, and natural bare or sparsely vegetated surfaces can also
exhibit similar spectral and phenological characteristics. The AEZ assessment
illustrates this geographical heterogeneity: in the cool, humid tropical stratum,
the producer’s accuracy of 0.498 indicates substantial cropland omission
despite a high overall accuracy. The boreal sub-humid and humid reference
subsets contained no positive Cropland cases and therefore did not support
class-specific evaluation. Local applications in these environments require

additional regional validation.”

(5) Validation needs substantially enhanced. On one side, the validation shall
targets not only for one year but also the 25 years. On the other side, validation
over the inter-annual changes (expansion or reduction areas) shall be amended.
While comparison with FAO statistical data provides quantitative accuracy
metrics, it does not mean GACED30 outperformed other cropland layers or
products are the metrics are a mixture of the classification accuracy and the
discrepancy of definition of the classification schemes.

> Thank you for identifying the insufficient temporal scope of the submitted
validation, the lack of a targeted assessment of cropland transitions, and the

overinterpretation of the FAOSTAT comparison. We agree that the stable-site



FAST-Crop assessment primarily evaluates static thematic agreement and
does not validate all 25 annual layers or crop gain and crop loss.

We have therefore added independent multi-temporal transition
assessments using the GLAD Cropland and LUCAS reference samples. The
GLAD assessment evaluates four transitions between adjacent four-year
epochs spanning 2000-2019, while the LUCAS assessment uses five
successive survey intervals spanning 2006-2022. GACED30 and
GLC_FCS30D were evaluated using identical reference observations, temporal
aggregation or pairing procedures, and harmonized binary class rules.

GACED30 achieved higher recall and F1 for crop gain and crop loss in both
assessments, although its GLAD-based precision was slightly lower and the
absolute transition scores remained modest. We therefore interpret these
results as common-sample evidence of greater sensitivity to the evaluated
transitions rather than definition-independent proof of superiority.

We also explicitly acknowledge that the available references do not provide
complete independent validation of every annual layer from 2000 to 2024.
GLAD represents four-year epochs, and LUCAS observations are separated by
three or four years. These assessments therefore evaluate agreement in the
transition occurring over an interval, rather than independently identifying its
exact annual timing or all within-interval reversals.

Finally, we have reframed the FAOSTAT comparison as an assessment of
national-scale area consistency and long-term directional agreement. It does
not measure pixel-level classification or transition accuracy and cannot by itself
establish that GACED30 outperforms other cropland products, because
statistical agreement remains influenced by differences in cropland definition,
temporal coverage, and spatial support.

The manuscript has been revised as follows:

A. Abstract and Sect. 1 We expanded the evaluation summary to distinguish

static thematic assessment, multi-temporal transition assessment, matched



regional evaluation, sample-adjusted area comparison, and national statistical

consistency.

B. Sects. 2.3.2-2.3.3, Lines 171-198 — We clarified the stable-site emphasis of
FAST-Crop and added the independent GLAD Cropland and LUCAS multi-
temporal reference sources, including their temporal coverage and data access.
“To provide an objective static thematic assessment of GACED30, we
employed a validation set isolated entirely from model calibration. This subset
was extracted from the temporally stable records of the FAST validation set (Li
et al., 2017). The FAST project generated its validation data using a sampling
protocol distinct from that used for the training data: whereas training sites were
manually selected for spectral representativeness, validation samples were
allocated through a probabilistic global equal-area random sampling design.
This probability-based framework provided spatially distributed observations of
global land-cover heterogeneity. Unlike the augmented training samples, these
validation samples were not subject to GLAD-based stratification or automated
agreement filtering, thereby preventing GLAD-conditioned candidate selection
from being propagated into this assessment. The final validation set comprised
29,226 sample locations, including 3,268 confirmed stable cropland samples.
Because this subset deliberately emphasizes stable land-cover states, it was
used to evaluate thematic agreement near the reference observation date but
was not interpreted as direct validation of cropland gain, crop loss, or transition
timing.”

“To complement the static FAST-Crop assessment, we used two external multi-
temporal reference sources whose reference labels were not used in GACED30
training or spatiotemporal post-processing. The first was the global probability-
based reference sample associated with GLAD Cropland, comprising 3,500
sample locations with cropland interpretations for five four-year epochs: 2000—

2003, 2004-2007, 2008-2011, 2012-2015, and 2016—-2019 (Potapov et al.,



2022). These observations supported the assessment of crop gain and crop
loss between four pairs of adjacent epochs.

The second reference source was the European Union Land Use/Cover
Area frame Survey (LUCAS), which provides harmonized in situ land-cover
observations for the 2006, 2009, 2012, 2015, and 2018 survey campaigns
(d’Andrimont et al., 2020), supplemented with observations from the 2022
campaign (d’Andrimont et al., 2024). Only locations with valid observations at
both endpoints of a survey interval were retained.

GLAD Cropland provides global transition evidence across four adjacent
four-year intervals, whereas LUCAS supplies denser repeated observations
over five European survey intervals. Together, these datasets enable a targeted
multi-temporal assessment of crop gain and crop loss, although their temporal
spacing does not independently identify the exact year in which a transition
occurred.

The GLAD Cropland reference samples are available at
https.//glad.umd.edu/dataset/croplands. The LUCAS primary data are available

from https://ec.europa.eu/eurostat/web/lucas/database/primary-data.”

C. Sect. 3.5, Lines 401-407 — We reorganized the validation framework into
five complementary components and explained the distinct evidence provided
by each component.

“To assess the quality and reliability of GACED30, we adopted five
complementary approaches (Fig. 2e): (1) static thematic accuracy assessment
using the independent FAST-Crop validation samples; (2) multi-temporal
assessment of crop gain and crop loss using GLAD Cropland and LUCAS
reference samples; (3) matched regional evaluation in China together with
agro-ecological-zone-stratified accuracy assessment; (4) global and regional
area estimation and inter-comparison with existing global and regional cropland
products; and (5) comparison with national agricultural statistics from FAOSTAT.

These components respectively evaluate static thematic agreement, transition


https://ec.europa.eu/eurostat/web/lucas/database/primary-data

detection across multiple intervals, regional and environmental variations in
performance, sample-adjusted area trajectories, and aggregated national-scale

consistency.”

D. Sect. 3.5.2, Lines 445-470 — We added the temporal aggregation, adjacent-
epoch comparison, repeated-observation pairing, class-harmonization, pooling,
and transition-metric procedures for GLAD Cropland and LUCAS.

“We evaluated two directional transitions separately: Cropland to Non-cropland,
hereafter termed crop loss, and Non-cropland to Cropland, hereafter termed
crop gain. For each directional assessment, the target transition was treated as
the positive class, whereas stable pairs and the opposite transition were treated
as negative cases. These sample-level ftransitions provide a targeted
assessment of change detection but are not identical to the 1-km structural
expansion and reduction classes, which are derived from trends fitted to the
complete 25-year annual record.

For the GLAD Cropland assessment, the annual binary layers of GACED30
and GLC_FCS30D were aggregated within each corresponding four-year
epoch using the pixel-wise median. Crop gain and crop loss were then
determined for each of the four adjacent-epoch intervals: 2000-2003 to 2004—
2007, 2004-2007 to 2008-2011, 2008-2011 to 2012-2015, and 2012-2015 to
2016—-2019. The mapped transitions were evaluated against the corresponding
GLAD reference transitions at the same sample locations. Each valid location—
interval pair was treated as one observation, and the four intervals were pooled
for the overall assessment. The same temporal aggregation, spatial extraction,
and class-harmonization procedures were applied to GACED30 and
GLC_FCS30D.

For LUCAS, valid observations at the same location in successive available
surveys were paired. The corresponding annual GACED30 and GLC_FCS30D
classes were extracted for the two survey years, and the reference and mapped

transitions were determined from their respective endpoint classes. When a



location occurred in more than one survey interval, each location—interval pair
was treated as one unweighted observation. Results from the 2006—-2009,
2009-2012, 2012-2015, 2015-2018, and 2018-2022 intervals were pooled for
the overall assessment.

Class harmonization was performed before determining the transitions.
GACEDG30 class 10 was treated as Cropland. For LUCAS, land-cover codes B,
B11-B19, B21-B23, B31-B37, B41-B45, B51-B54, B71-B77, B81-B84, BX1,
and BX2 were mapped to Cropland. Temporary grassland (B55) was mapped
to Grassland and was therefore excluded. For GLC _FCS30D, classes 10, 11,
12, and 20 were mapped to Cropland, whereas class 130 was treated as
Grassland. Consequently, permanent crops were included, temporary
grasslands were excluded, and fallow land was not automatically assigned to
Cropland but followed its original observed or product land-cover class.

Because stable observations predominated in both reference sources,
overall accuracy was not used as the principal transition metric, as it would be
dominated by unchanged pairs. The resulting metrics were interpreted within

the spatial, temporal, and semantic support of each reference dataset.”

E. Sect. 4.1.1 and Table 2, Lines 544-558 — We renamed the analysis 'Static
thematic accuracy assessment' and clarified that the metrics measure
agreement with the adopted FAST-Crop/GACED30 definition rather than

temporal validation or universal product superiority.

Table 2: Static thematic accuracy of GACED30 and peer products against the

independent FAST-Crop stable-site validation set

Product F1 OA UA PA  Kappa

GACED30 0.844 0.965 0.883 0.808 0.825

GLAD Cropland 0.744 0.946 0.835 0.671 0.714

GCEP30 0.597 0.898 0.550 0.652 0.539

GLC_FCS30D 0.626 0.901 0.552 0.722 0.570

GLC_FCS10  0.657 0.917 0.633 0.683 0.610

ESA WorldCover 0.722 0.941 0.790 0.664 0.689

Esri Land Cover 0.689 0.931 0.727 0.655 0.651




“To assess static thematic agreement, we evaluated GACED30 using the
independent FAST-Crop stable-site validation set, which was excluded from
model training. We then compared GACED30 with six global 10 and 30 m land-
cover or cropland products: GLAD Cropland, GCEP30, GLC FCS30D,
GLC_FCS10, ESA WorldCover, and Esri Land Cover.

As shown in Table 2, GACED30 achieved the highest OA (0.965), F1 score
(0.844), UA (0.883), and PA (0.808) among the evaluated products. Its F1 score
exceeded those of GLAD Cropland and ESA WorldCover by 0.100 and 0.122,
respectively. These results demonstrate strong static thematic agreement
between GACED30 and the independent FAST-Crop validation samples under
the adopted Cropland/Non-cropland definition.

Part of the mismatch with peer products may reflect differences in cropland
definitions rather than mapping errors alone. Specifically, GACED30 includes
orchards and active fallow but excludes temporary meadows and pastures,
whereas peer products differ in their treatment of these categories. Temporal
mismatches between the validation samples and product layers may also
contribute to the observed differences. The metrics in Table 2 should therefore
be interpreted as the products' relative agreement with the adopted FAST-
Crop/GACED30 definition rather than as evidence of universal superiority
across all cropland categories. Accordingly, Table 2 supports the static thematic
reliability of GACED30 under the adopted Cropland/Non-cropland reference
definition but does not directly assess its ability to detect inter-period cropland

changes.”

F. Sect. 4.1.2 and Table 3, Lines 577-598 — We added the multi-temporal crop-
gain and crop-loss results, including the higher recall and F1 of GACED30, its

slightly lower GLAD-based precision, and the modest absolute transition scores.

Table 3: Pooled transition detection by GACED30 and GLC_FCS30D using the GLAD
Cropland and LUCAS multi-temporal reference samples



Reference set Target transition Product Precision Recall F1
Cropland — Non-cropland  GACED30 0.180 0.177 0.178
Cropland — Non-cropland GLC_FCS30D 0.186 0.129 0.152
GLAD Cropland
Non-cropland — Cropland GACED30 0.227 0.199 0.212
Non-cropland — Cropland GLC _FCS30D 0.232 0.171 0.197
Cropland — Non-cropland  GACED30 0.099 0.072 0.083
Cropland — Non-cropland GLC_FCS30D 0.062 0.016 0.026
Non-cropland — Cropland GACED30 0.113 0.058 0.076

Non-cropland — Cropland GLC_FCS30D 0.057 0.014 0.023

LUCAS

“The multi-temporal assessment (Table 3) provides a targeted evaluation of
crop gain and crop loss that is not available from the stable-site FAST-Crop
samples. Across the four pooled adjacent GLAD Cropland epoch intervals,
GACED30 achieved higher recall and F1 score than GLC_FCS30D for both
transition directions. For crop loss, its recall and F1 score were 0.177 and 0.178,
compared with 0.129 and 0.152 for GLC_FCS30D. For crop gain, the
corresponding values were 0.199 and 0.212 for GACED30 and 0.171 and 0.197
for GLC_FCS30D. GACEDS30 nevertheless had slightly lower precision: 0.180
versus 0.186 for crop loss and 0.227 versus 0.232 for crop gain.

The pooled LUCAS comparison showed larger differences between the
products. For crop loss, GACED30 achieved precision, recall, and F1 score
values of 0.099, 0.072, and 0.083, respectively, compared with 0.062, 0.016,
and 0.026 for GLC_FCS30D. For crop gain, GACED30 obtained values of
0.113, 0.058, and 0.076, whereas GLC_FCS30D obtained 0.057, 0.014, and
0.023.

GACEDG30 therefore achieved higher transition recall and F1 score in both
reference assessments, indicating greater sensitivity to the evaluated reference
transitions. However, the absolute metrics remained modest, and its GLAD-
based precision was slightly lower than that of GLC _FCS30D. Transition
detection requires correct classification at both temporal endpoints, so an error
at either endpoint can generate an incorrect change label. The low prevalence

of transitions, temporal aggregation, spatial-support differences, and residual



semantic differences further affect these metrics. The results provide a
controlled common-sample comparison of transition detection across multiple
intervals but do not establish definition-independent superiority or validate the

exact year of annual changes.”

G. Sect. 4.1.4 Lines 624-637 — We revised the FAOSTAT interpretation to
distinguish national-scale area consistency and long-term directional
agreement from pixel-level thematic or transition accuracy.

“To evaluate national-scale area consistency, we aggregated the GACED30
classifications into national totals and compared them with definition-reconciled
FAOSTAT statistics. Across 132 countries, GACED30 achieved an R2 of 0.95
and an NRMSE of 3.7% (Fig. 3a). These metrics indicate close agreement in
country-level cropland area after definition reconciliation but do not measure
pixel-level thematic accuracy or transition detection.

For broader context, these values can be compared with those reported for
other global cropland products in Table D1 of Tubiello et al. (2023a). Because
those values were obtained using different product years, cropland definitions,
and comparison protocols, they provide contextual information on the
magnitude of national-area agreement rather than a controlled inter-product
ranking. The sample-based assessments in Sects. 4.1.1-4.1.3 provide the
more direct comparisons of static thematic, multi-temporal transition, and
regional performance.

Beyond national area levels, we compared the long-term net change
derived from GACED30 with FAOSTAT for 42 countries reporting substantial
cropland dynamics (Fig. 3b). The directional match rate was 73.9%, and the
area-weighted match rate was 83.1%. These results support agreement in the
aggregated direction of long-term cropland change, particularly for major
agricultural countries. Because the comparison is based on national totals, it
does not validate the spatial location of changes, their exact annual timing, or

their underlying causes.”



H. Sect. 4.3.3, Lines 794-803 — We clarified that GLAD adjacent-epoch
transitions and the GACED30 full-record Structural Evolution Indicator provide
complementary representations of change and should not be treated as directly
equivalent validation targets.

“Comparison with the GLAD Cropland change maps shows both broad
agreement and systematic differences between the two analytical approaches.
Both products identify major expansion frontiers in South America and Africa,
whereas larger discrepancies occur in semi-arid and transitional regions such
as Central Asia and Australia. GLAD represents crop gain and crop loss
between adjacent four-year epochs, while the GACED30 Structural Evolution
Indicator identifies persistent monotonic trends across the complete annual
record under specified slope and significance criteria. Consequently, a change
detected within an individual GLAD epoch interval may not produce a
statistically supported monotonic trend over the complete 2000-2024
GACED30 record. This difference does not by itself establish that either
classification is erroneous. The two products instead provide complementary
representations of cropland dynamics: GLAD characterizes changes between
consecutive multi-year epochs, whereas GACED30 provides a more
conservative delineation of persistent structural trends across the full annual

series.”

l. Sects. 5.1 Lines 820-826 and 5.3, Lines 868—-875 — We discussed the distinct
evidence supplied by the complementary assessments and acknowledged that
the available references cannot validate every annual layer, exact transition
year, or all within-interval reversals.

“The complementary evaluations describe different aspects of product
performance. The FAST-Crop assessment indicates strong static thematic
agreement, the matched China assessment shows overall accuracy

comparable with CACD, and the AEZ-stratified results identify geographically



heterogeneous performance. The GLAD Cropland and LUCAS assessments
provide direct evidence on crop-gain and crop-loss detection across multiple
intervals: GACED30 achieved higher recall and F1 than GLC_FCS30D on the
common samples, although the modest absolute scores demonstrate the
continuing difficulty of transition mapping. Together, these results support the
use of GACED30 for global and regional structural monitoring but do not
constitute validation of the exact year or cause of every local change.
performance.”

“Temporal comparability is supported by the common observation, feature,
sample-construction, and model protocols, but complete pixel-level interannual
consistency is not enforced. The independently trained annual classifiers can
remain sensitive to annual spectral conditions, particularly near the
classification threshold or during abrupt land-cover changes. Differences
between the earlier Landsat—MODIS observation environment and the more
recent sensor era may also influence temporal comparability and are not
eliminated solely by trend analysis. Moreover, the available GLAD Cropland
and LUCAS references assess crop gain and crop loss across multi-year
intervals rather than every annual layer. They cannot identify the exact
transition year, detect all within-interval reversals, or distinguish permanent
cropland reduction from temporary non-cropland states. More independent

annual and transition-specific reference observations are therefore needed.”

J. Sect. 6, Lines 894-898 — We added a concise, qualified conclusion
concerning static and multi-temporal performance and the remaining difficulty
of local annual transition mapping.

“Independent stable-site validation yielded an overall accuracy of 0.965 and an
F1 score of 0.844, while the matched assessment in China showed that
GACED30 and CACD both achieved an overall accuracy of 0.94 under the
same reference-sample protocol. Multitemporal assessments yielded higher

recall and F1 scores than GLC _FCS30D for both crop gain and crop loss;



however, the modest absolute transition scores indicate that local annual

changes should be interpreted cautiously.”

Minor Comments

(1) In Table 1 - Temporal attributes for "ESA WorldCover" is "Annual 2000-2001".
This appears to be a typo.

> Thank you for identifying this typographical error. We have corrected the
temporal coverage of ESA WorldCover from 2000-2001 to 2020-2021 in Table
1.

(2) Line 315 (Section 3.4). The slope threshold of > 0.2 ha/year is defined. In a
1 km grid, 0.2 ha is roughly 2.2 Landsat pixels per year. Given that the product
is 30-m resolution, is this threshold reasonable to define whether such changes
are not "minor fluctuation"?

> Thank you for this careful observation. You are correct that 0.2 ha is
numerically equivalent to approximately 2.2 nominal 30-m pixel areas and that
the submitted wording could be interpreted as a consecutive-year pixel-count
threshold distinguishing genuine change from minor fluctuation. We have
removed that interpretation and clarified how the threshold is applied.

The threshold is applied to the Theil-Sen slope estimated from the
complete 25-observation cropland-area trajectory within each 1 x 1 km grid cell,
rather than to the number of 30-m pixels changing between two consecutive
years. A slope of 0.2 ha yr™ corresponds to a linear-equivalent change of 4.8
ha, or approximately 4.8% of the grid area, over the 24 elapsed annual intervals.
We now describe it as an operational grid-scale effect-size threshold rather than
a sensor-derived detection limit, an empirical estimate of classification noise, or
a universally optimal boundary.

Because neither the Mann—Kendall test nor the Theil-Sen estimator

provides a theoretically unique value of the minimum slope threshold, we also



evaluated thresholds from 0.10 to 0.50 ha yr™'. The exact mapped extent
changes with the threshold, as expected, but values close to 0.2 retain high
spatial agreement and similar continental composition. We therefore retain 0.2
ha yr~ for the principal analysis while documenting its operational interpretation,
limitations, and sensitivity.

The manuscript has been revised as follows:
A. Sect. 3.4, Lines 383-388 — We explained that the threshold is applied to the
complete 25-year grid-level trajectory, quantified its study-period equivalent,
identified it as operational rather than theoretically optimal, and introduced the
sensitivity analysis.
“Neither the MK test nor the Theil-Sen estimator provides a theoretically unique
or universally optimal value of 1. The appropriate minimum effect size depends
on the spatial aggregation unit, study duration, and analytical objective. For the
principal analysis in this study, we adopted 1=0.2 ha yr~' as an operational grid-
scale threshold. Because a 1 x 1 km grid cell covers approximately 100 ha, this
value corresponds to a linear trend equivalent to 0.2% of the grid area per year
and to 4.8 ha, or 4.8% of the grid area, across the 24 elapsed annual intervals
between 2000 and 2024. It therefore provides an interpretable minimum
magnitude for identifying landscape-scale structural change over the study
period.

Although 0.2 ha is numerically equivalent to approximately 2.2 nominal 30
m pixel areas, T is not applied as a single-year pixel-count detection limit.
Instead, B is estimated from the complete 25-year cropland-area trajectory
within each grid cell. We do not consider 1=0.2 ha yr~' to be universally optimal,
and other thresholds may be appropriate for analyses with different objectives
or tolerances for lower-magnitude change. We therefore evaluated the
sensitivity of both the general and stringent structural-evolution classifications
by varying (1) from 0.10 to 0.50 ha yr-1 at intervals of 0.05 ha yr-1 (Figs. S1 and
S2).”



B. Sect. 4.3.3, Lines 775-786 — We added the sensitivity results for 1 = 0.10—
0.50 ha yr™", including changes in global class extent, continental composition,
and spatial agreement with the T = 0.2 masks.

“Because 1 is an operational rather than theoretically optimal threshold, we
examined whether the principal geographical interpretation depended strongly
on its selected value. Increasing 1 from 0.10 to 0.50 ha yr-1 progressively
reassigned lower-magnitude expansion and reduction grid cells to stable, as
expected, and therefore changed the absolute mapped extent of structural
change (Fig. S1a). However, the continental composition of the general
expansion and reduction areas changed only modestly across the evaluated
thresholds, with no abrupt redistribution around 1=0.2 ha yr-1 (Fig. S1b—c).
Spatial agreement with the 1=0.2 reference masks was also high for nearby
thresholds under both definitions: at 1=0.15 and 0.25, the Jaccard indices were
approximately 0.88—0.91 for the general masks and 0.91-0.93 for the stringent
masks (Fig. S2). Thus, the precise extent of lower-magnitude change remains
threshold-dependent, but the broad continental distribution and principal spatial
patterns are retained across reasonable values surrounding 1=0.2. Together
with the regional patterns in Fig. 8, this supports the robustness of the central
interpretation that agricultural expansion is disproportionately concentrated in
the Global South, whereas widespread stability and localized contraction
characterize much of the Global North. Nevertheless, the sensitivity results do

not imply that 1=0.2 is a uniquely optimal threshold.”

C. Figs. S1 and S2 — We added supplementary analyses of trend-class
composition, continental distribution, and Jaccard overlap across the evaluated

thresholds.
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Figure S1. Sensitivity of global structural evolution trend composition and the
continental distribution of cropland change to the minimum slope threshold. (a)
Proportions of analysed 1 x 1 km grid cells assigned to general expansion ($>1),
general reduction (8<-T), and general stable (|f| < ) as the minimum slope
threshold t varies from 0.10 to 0.50 ha yr-1. This panel applies the general
structural trend definition independently of MK significance. (b—c) Continental
shares of the total global area classified as expansion and reduction,
respectively, under the corresponding thresholds. For each threshold, the
continental shares within each change class sum to 1. Panels (b—c) describe
the continental composition of the globally detected change area.
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Figure S2. Sensitivity of the spatial expansion and reduction masks to the
minimum slope threshold. The conventional Jaccard index, | = |[M, N My,|/
|M, U M, ,|, compares the mask M obtained at each minimum slope threshold
T with the corresponding reference mask at 7=0.2. Results are shown for (a)
all analysed 1 x 1 km grid cells classified according to the sign and magnitude
of the Theil-Sen slope, irrespective of Mann—Kendall significance, and (b) the
final statistically significant change masks, for which expansion requires
p<0.01 and S>t, and reduction requires p<0.01 and B<-t. A Jaccard index of
1 indicates identical masks. Panel (b) corresponds to the results of the
statistically significant change masks.



D. Sect. 5.1, Lines 813-819 — We clarified that the selected threshold controls
the interpreted minimum effect size but is neither uniquely optimal nor an
empirical measurement of classification noise.

“The complete annual record supports two complementary descriptions of
cropland dynamics. Cropping Frequency summatrizes the proportion of years in
which a pixel was mapped as Cropland, whereas the Structural Evolution
Indicators use annual grid-level cropland area, the Mann—Kendall test, and
Theil-Sen slopes to identify persistent directional patterns. Analysis of the full
trajectory reduces sensitivity to the selection of individual endpoint years, but
the exact spatial extent of expansion and reduction remains dependent on the
minimum slope threshold. The sensitivity analysis indicates that the broad
continental distribution is retained across thresholds near 1=0.2 ha yr—1, without
implying that this value is uniquely optimal or that the detected trends establish

their underlying causes.”

(3) Figure 5 title states "GACED30 (2000-2022)" but the paper's title and
dataset span 2000-2024. Please align the figure period with the full dataset
period or explain why 2023-2024 is omitted from this specific visualization. Also,
why the authors presented different conversion periods on the map of Brazil,
China, and Kaz.

> Thank you for identifying this ambiguity. We have corrected the Fig. 5 caption
to state explicitly that the GACED30 dataset covers 2000—-2024. Figure 5 is not
intended to display a common temporal subset or imply that data for 2023—
2024 are unavailable. Instead, each panel uses a region-specific interval
selected to encompass its principal visually evident cropland-status change
episode: 2010-2022 for expansion in Matopiba, Brazil; 2000-2015 for
reduction in the Yangtze River Delta, China; and 2000—2010 for reduction in the
Aral Sea basin, Kazakhstan. We have also clarified that the colours indicate the

first mapped year within the displayed interval and that the examples do not



independently verify the conversion date, cause, or comparability of change

magnitude among regions.

(4) As presented in Figure 7 a, several non-agricultural areas or minor
agriculture producing regions presented statistical significance of changing
trends. Is this the consequences of classification bias or the actual
phenomenon, for example, the significant changing trends in Sahara desert.

> Thank you for identifying this problem. After re-examining the submitted
global trend panel, we found that the apparent signals in non-agricultural
regions, including the Sahara Desert, were caused by an incorrect layer used
during figure preparation. We replaced it with the correct output layer and
regenerated the global panel. The revised figure, now numbered Fig. 8a, shows
the expected spatial distribution of cropland trends and no longer contains the
anomalous Sahara signals. Because this was a figure-layer error rather than a
change to the trend-analysis method, no further methodological modification

was required.

(5) In Data Availability section, | expect the authors focusing on the products
generated by this paper or the key inputs data produced by the team, while
removing the information of other source of dataset. Or, you could document
the way of data access for other land cover products in the Data part.

> Thank you for this helpful suggestion. We agree that the Data Availability
section should focus on the product generated in this study and the core input
and reference datasets produced or maintained by our team. We have therefore
retained only the access information for GACED30, SDC30, and FAST-Crop in
this section and removed the previous itemized descriptions of third-party
datasets. Access information for external products and validation sources is
now provided in the relevant Dataset subsections.

The manuscript has been revised as follows:



A. Data availability, Lines 905-909 — We streamlined this section to include
GACED30 and the SDC30 and FAST-Crop datasets used as the core input and
reference sources.

“The Global 30 m Annual Cropland Extent Dynamics (GACED30) dataset
generated in this study is openly available from Zenodo at
https.//doi.org/10.5281/zenodo.18199675 (Chen et al., 2026). Each annual
raster layer follows the FROM-GLC coding convention, in which a value of 10
denotes cropland and a value of 0 denotes non-cropland. The SDC30 data
cube and the FAST-Crop sample set, which were used as the core input and
reference datasets for GACED30 generation and validation, are available at

https.//data-starcloud.pcl.ac.cn/.”



