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The resulting pan-India output maps at 10m resolution are hosted on CoRE-Stack (digital public good) for easy accessibility
and analysis [24], already powering real-world applications in water-security planning [61] and agricultural studies [50].

CCS Concepts: · Information Systems→ Geographic information systems; · Applied Computing→ Environmental

sciences; Agriculture; · Computing Methodologies→ Machine learning.

Additional Key Words and Phrases: Land use land cover (LULC) mapping, Hierarchical classiication framework, cropping
intensity and water seasonality, Optical–SAR fusion, Google Earth Engine (GEE), Open-source pipeline, Data-scarce regions
(India)

1 Introduction

In India’s diverse agricultural landscape, which spans from arid, rainfed single-cropping systems to intensively
irrigated multi-cropping belts, accurate Land Use and Land Cover (LULC) classiication is a critical enabler
for sustainable development. As agriculture forms the economic backbone for a signiicant portion of the
population, robust LULC mapping is essential not just for monitoring, but for informing strategic Natural
Resource Management (NRM). These maps provide the evidence base for vital policy decisions: for instance,
identifying single-cropping areas with under-utilized water potential allows for the prioritization of farm ponds
under schemes like MGNREGA [63]. Similarly, tracking transitions from traditional crops to plantations elucidates
shifts in agricultural resilience. Ultimately, by bridging the gap between observation and action, targeted LULC
classiication facilitates climate-resilient planning that ensures water security and resource equity in smallholder-
dominated landscapes.

The rapid expansion of open-access satellite imagery, combined with advances in cloud computing and machine
learning, has unlocked unprecedented opportunities to generate Land Use and Land Cover (LULC)maps at regional
to global scales with high temporal frequency. Several LULC products are available for India [13, 49, 72, 117, 123],
yet each sufers from diferent limitations that constrain their practical applicability: (i) their thematic frameworks
often exclude intra-annual dynamic classes crucial for representing features such as surface water availability and
cropping intensity; (ii) mapping smallholder landscapes demands higher spatial resolution and precision to capture
ine-scale features like farm ponds and fragmented croplands [6, 40]; (iii) limited transparency in annotated
datasets, output layers, or methodological details restricts validation, reproducibility, and local adaptation [30];
and (iv) their reliance on lat multi-class classiication architectures, which require extensive labeled samples
across all categories, results in inconsistent performance for spectrally similar classes [38, 115, 118] and exhibit
poor extensibility to new application-relevant classes.
This paper presents a LULC classiication framework designed for both practical implementation and agri-

cultural relevance, particularly in data-scarce regions such as India, while maintaining adaptability for global
applications.
The framework addresses a critical challenge in existing mapping approaches, the limited representation of

intra-annual dynamics, by explicitly integrating both static and dynamic classes. These include phenomena such
as cropping intensity and surface water variability, optimized to capture patterns across diverse agro-ecological
landscapes. It leverages Sentinel-1 and Sentinel-2 datasets to achieve 10 m spatial resolution, the highest publicly
available through open-source products, enabling the detection of ine-scale, smallholder features such as farm
ponds and fragmented croplands. Full transparency is ensured through the exclusive use of open-access datasets
like cropland–tree annotations, multi-scale water body inventories, and cropping intensity labels collected from
the Raichur district, and reproducible worklows implemented on cloud platforms like Google Earth Engine.
The primary contribution of this research is the shift from rigid, "lat" multi-class systems to a hierarchical

decision-tree framework. This approach deconstructs complex taxonomies into targeted sub-problems, treating
them as distinct binary or multi-class classiication tasks. Each sub-task is solved using a dedicated feature vector
and a method tailored to that speciic challenge. These components are then orchestrated into a coherent mapping
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solution based on thematic hierarchy, per-class accuracy requirements, and computational eiciency. This allows
for the production of annual maps at a national scale without exceeding the resource constraints of standard
commodity platforms.

This hierarchical design ofers several distinct advantages:

(1) It accommodates labeled datasets of varying sizes, temporal spans, and spatial origins, ensuring broad
applicability.

(2) It supports task-speciic feature selection, mitigating the “curse of dimensionality”, where an excessive
number of features prohibits consistent performance across all classes in a lat model.

(3) It provides methodological lexibility by allowing diferent classiication algorithms to be applied as per
dataset characteristics and leveraging existing products through targeted reinements to avoid redundant
reclassiication.

(4) It is designed to be extensible, allowing for the addition of new, application-speciic classes without requiring
a full retraining of the model or access to high-performance computing infrastructure.

Regarding speciic classiication contributions, we enhance the detection of rainfed surface water bodies by
utilizing weather-independent Synthetic Aperture Radar (SAR) data, successfully identifying features often missed
by products dependent on coarser or optical sensors. Furthermore, we produce iner tree-cropland delineation
through the analysis of SAR time-series data. A key methodological contribution of this work is the advancement
of unsupervised classiication for determining cropping intensity, a critical innovation given the absolute
scarcity of labeled training data for this metric. We provide a comparative evaluation of these individual classiiers
against current baselines to quantify performance gains.
The subsequent sections of this paper review the existing literature on LULC mapping to contextualize our

proposed hierarchical principles. We then detail our comprehensive methodology, encompassing taxonomy
deinition, dataset curation, and the principles for identifying and isolating smaller classiication tasks. We
provide a detailed breakdown of the task-wise classiication strategies and their corresponding results, as well as
the decision factors involved in integrating these classiiers into a single, coherent pipeline to deliver scalable
LULC maps. Additionally, we present a temporal correction framework applied to multi-year outputs; this
post-processing step ensures logical coherence across time, resulting in robust, multi-year mapping. The paper
concludes with a discussion of our indings, a generic step-wise framework for replicating similar scalable
approaches, and an outline of future research directions.

2 Background and Related Work

This section reviews the main building blocks of contemporary LULC mapping pipelines: existing global and
national LULC products, the architectures used to classify land cover, and the strategies for curating labeled
datasets and designing feature vectors. It highlights how choices regarding map taxonomy, spatial resolution,
transparency, labeling worklows, and feature engineering collectively shape the suitability of LULC products for
India’s fragmented and dynamically cultivated landscapes.

2.1 Review of Existing LULC Products

Advances in remote sensing have produced several open-access global LULC products with difering resolutions,
update frequencies, and thematic detail. Notable examples include Dynamic World (10 m, 2–5 day updates, 9
classes) [13], ESA WorldCover (10 m, annual since 2020, 11 classes) [117], Esri Land Cover (10 m, annual since
2017, 10 classes) [29, 49], GLC_FCS30D (30 m, annual 1985–2022, 35 classes) [123], GlobeLand30 (30 m, 10 classes)
[22], NRSC’s Land Use/Land Cover Atlas of India (56–2.5 m, annual since 2005, 18–54 classes) [72], Copernicus
Global Land Service (100 m, annual 2015–2019, ∼12 classes) [14], and MODIS Land Cover (MCD12Q1, 500 m,
since 2001, 17 classes) [35]. These products provide unprecedented global coverage but must be critically assessed
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for India’s heterogeneous and dynamic agricultural landscapes. The discussion below examines their thematic
scope, spatial properties, and classiication architectures to identify gaps that motivate a custom framework for
India.

2.1.1 Thematic Scope: Annually Static vs. Intra-Annually Dynamic Classes. Most global products empha-
size annually static classes like built-up areas, perennial water, barren land, or forests, because of their stability and
relative ease of annotation. This taxonomy supports consistent global mapping but tends to obscure intra-annual
variability that is crucial for agricultural and hydrological applications [110]. Even Dynamic World, despite its
high temporal frequency, focuses on instantaneous generic states (e.g., “crops”, “water”) rather than explicitly
modeling functional dynamics. As a result, key variables such as cropping intensity (single vs. double cropping)
and water seasonality (intermittent vs. perennial inundation) remain underrepresented [45, 78]. Specialized
products like the JRC Global Surface Water Explorer [78], GFSAD [102], and Global Cropping Intensity (GCI-30)
[57] address parts of this gap but operate as thematic silos that provide standalone layers rather than integrated,
multi-class LULC maps.
The NRSC LULC Atlas for India illustrates the value of integrating dynamic agricultural classes by explicitly

mapping seasonal cropping patterns (Kharif, Rabi, Zaid1) within a broader LULC framework at 56 m [72]. This
integration underscores the need to move beyond purely annual, static taxonomies and to incorporate intra-
annual classes, potentially through hierarchical or progressive classiication schemes [26], when developing
application-oriented LULC products for sectors such as water management and agriculture [87, 112].

2.1.2 Spatial Resolution and Methodological Transparency. Spatial resolution is critical in fragmented
smallholder landscapes to prevent mixed pixels from sub-pixel features like ields, ponds, and narrow channels.
Products such as MODIS Land Cover (500m) and Copernicus Global Land Service (100m) frequently miss or
generalize these features, resulting in mixed pixels and loss of detail. Similarly, the NRSC Atlas, although
thematically rich, is constrained by IRS-AWiFS imagery at 56m, limiting ield-scale analyses. In contrast, recent
global products leveraging Landsat and Sentinel achieve 30m (GLC_FCS30D, GlobeLand30) and 10m (Dynamic
World, Esri Land Cover, ESA WorldCover) resolution, which now represent practical benchmarks for open LULC
mapping. To improve these baselines, custom frameworks must utilize the highest open-source resolution while
also expand the thematic detail.

Equally important is transparency in data, outputs, and methodology. Open access to map products, training
data, and code enables rigorous validation, reproducibility, and adaptation for local applications. NRSC Atlas
rasters require formal requests via the Bhuvan portal, constraining seamless integration at scale. By contrast,
Dynamic World, ESA WorldCover, and Esri Land Cover are directly available on platforms like Google Earth
Engine (GEE), but their generation depends on proprietary, largely opaque pipelines, limiting reproducibility
and custom class extensions. Products such as GCI-30 and the JRC Global Surface Water Explorer demonstrate a
more transparent model by publishing both methodology and code, allowing the community to scrutinize and
build upon existing frameworks. For India-focused mapping, an ideal approach would combine high-resolution
open imagery with fully open-source pipelines and freely accessible outputs [32].

2.1.3 ClassificationArchitecture: Flat vs. HierarchicalModels. The architecture of LULC classiiers strongly
inluences both accuracy and extensibility. Most global products use “lat” multi-class classiiers in which all
classes are predicted simultaneously. This design is computationally straightforward but presents three main
limitations. First, lat supervised models demand a large, uniied training dataset that becomes increasingly
diicult to curate as class taxonomies grow. Second, they often struggle with spectrally similar classes (e.g.,

1Kharif, Rabi, and Zaid refer to India’s three main agricultural seasons: Kharif (June/July – September/October) aligns with the southwest
monsoon; Rabi (November/December – February/March) follows the monsoon and utilizes residual moisture or irrigation; and Zaid
(April–May) is the short summer season, primarily in irrigated areas.
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cropland vs. tree cover), especially when using large, undiferentiated feature stacks that exacerbate the “curse of
dimensionality” and reduce class separability [55, 67, 74, 77, 91, 109]. Third, lat architectures are poorly extensible:
adding a new class usually requires full model retraining, with potential degradation in existing classes and high
computational cost.

Hierarchical classiication frameworks, such as the FAO Land Cover Classiication System (LCCS) [26] and the
modular approach of MapBiomas [34], ofer a more lexible alternative. By organizing classes into a tree that
moves from broad categories (e.g., vegetation vs. non-vegetation) to iner subtypes (cropland, trees, grass, etc.),
each node can use its own optimized classiier and feature subset. This structure: (1) reduces dimensionality and
improves accuracy by tailoring features to speciic class groupsÐstudies report 3–9% gains from such curated
hierarchical setups over lat models [112]; (2) allows training on disjoint, class-speciic datasets rather than a
single monolithic set; and (3) enables incremental extension by appending new branches without disrupting
the baseline map. Consequently, hierarchical architectures provide a practical route to thematically rich and
extensible LULC products.

2.2 Methods of Curating Labeled Datasets

Labeled data underpin supervised LULC mapping and accuracy assessment [23]. Many global products depend
on proprietary reference datasets such as ESA WorldCover’s PlanetScope polygons [117], Esri’s World Imagery
labels [49], or Copernicus Land Cover’s licensed survey points [14]. For India, open annotated datasets like
Dynamic World expert labels [13], LandCoverNet [1], and CGLS provide important resources but face three key
limitations: (1) fragmented spatial coverage [68], (2) labels that are typically generalized or object-based are
well suited for segmentation-style mapping but too coarse for precise per-pixel sampling, and (3) lack of classes
that are diicult to annotate from imagery alone, particularly intra-annually dynamic variables such as water
seasonality and cropping intensity [106].

Existing studies broadly distinguish two complementary data curation strategies-

(1) Desk-based annotation uses high- to very-high-resolution imagery (e.g., Google Earth Pro, GEE, Collect
Earth Online) and auxiliary sources such as OSM or government records to digitize polygons or points
without ield visits [8, 11, 91]. Active-learning strategies and crowdsourced platforms further reduce efort
and expand coverage [2, 105]. However, polygon labels in heterogeneous landscapes often sufer from
mixed-pixel impurity, and while pixel-wise labeling is most precise for pixel-level classiiers, it is diicult
to scale to large areas [73, 116]. Delineating polygons over predominantly homogeneous regions ofers a
pragmatic compromise: it reduces mixed pixels compared with sampling from coarse segmentation tiles
but still requires careful quality control and temporal alignment with satellite acquisitions. Additional
challenges include annotator bias, variable skill levels, and the need for systematic cleaning.

(2) Field-based collection with ground veriication, typically using GPS-enabled devices, mobile apps (e.g.,
ODK Collect, QField), and standardized protocols, remains the most reliable way to capture complex or
dynamic classes that are diicult to annotate from limited-date images [31, 41, 76, 85]. Yet ield campaigns
are labor- and cost-intensive, sensitive to positional errors and enumerator variability, and often require
repeated visits to capture intra-annual dynamics. These constraints highlight the importance of well-
designed ield protocols, real-time or near-real-time validation, and rigorous post-processing to avoid costly
re-surveys [33, 46, 124].

Combining desk-based and ield-based approaches, using desk annotation for stable, visually distinct classes
and targeted ield campaigns for dynamic classes, has emerged as a practical strategy in recent LULC studies
[69, 75].
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2.3 Feature Selection for Classification

Feature design is central to LULC classiication, and the literature emphasizes the complementary strengths of
optical and SAR data. Optical relectance in visible and infrared bands supports vegetation indices, seasonal
trajectories, and material-speciic signatures for crops, forests, water, bare soil, built-up areas, and wetlands, but
its utility is reduced under persistent cloud cover. SAR, unafected by clouds and solar illumination, is especially
sensitive to structure and moisture, enhancing discrimination of tree cover, looded and vegetated wetlands,
soil moisture, and built-up areas. Efective LULC mapping therefore requires aligning feature choice with class
characteristics and seasonal data availability.
Remote-sensing features are usually derived as static composites or temporal proiles. Seasonal or annual

composites (e.g., median or maximum NDVI, SAR backscatter) suppress noise and highlight persistent spectral or
structural traits, supporting mapping of relatively invariant classes such as built-up areas, bare soils, and evergreen
forests. Time-series metrics from optical and SAR data capture intra-annual dynamics such as phenological
transitions, cropping cycles, looding, and wetland moisture, enabling separation of temporally dynamic classes
like cropping intensity and seasonal water bodies. Multi-sensor fusion of optical and SAR, implemented as stacked
composites or synchronized time series, has repeatedly been shown to improve class separability and boost
accuracy for crop and land-cover mapping [104].
Beyond optical and SAR, studies incorporate topographic variables (elevation, slope), texture measures (e.g.,

GLCM metrics), thermal bands, and climate or hydrometeorological data to better characterize mountainous,
heterogeneous, or urban environments and seasonal water dynamics [3, 66, 90]. However, large undiferentiated
feature sets are prone to redundancy and overitting, illustrating the “curse of dimensionality.” Feature-selection
and dimensionality-reduction approaches, particularly when applied in a class-wise or hierarchical manner, have
been shown to improve performance compared with using all available features, motivating shorter, class-speciic
feature subsets tuned to each LULC class’s spectral, structural, and temporal properties [67, 77, 99, 112].

2.4 LULC Classification Methodology

LULC classiication methods in the literature mainly fall into pixel-based and segmentation-based (object-based)
categories. Pixel-based approaches classify each pixel independently using models such as Random Forests, SVMs,
and other machine-learning or deep-learning classiiers, and are efective at capturing ine-scale heterogeneity
in spectrally mixed classes like cropland. Segmentation-based approaches irst delineate homogeneous objects
and then classify these segments, reducing salt-and-pepper noise and performing well for spatially coherent
classes such as built-up areas, barren land, and scrub. Both strategies can achieve competitive accuracies, but
segmentation may underrepresent small or rare classes that are merged into larger objects, whereas pixel-based
methods preserve spatial detail and support post-classiication reinement of minority classes [5, 10, 27, 28, 47, 70].

Across both paradigms, supervised, semi-supervised, and unsupervised techniques are used depending on label
availability. Supervised classiiers generally deliver the highest accuracies where representative training data exist
for all classes [10]. Semi-supervised approaches exploit abundant unlabeled data when some classes are poorly
sampled [98, 100], and unsupervised clustering (e.g., k-means, hierarchical clustering) is employed when ground
truth is scarce or reserved for validation [59, 111]. Hybrid worklows of combining pixel- and object-basedmethods
or mixing supervised and unsupervised steps, are increasingly explored to balance accuracy, robustness, and
computational eiciency [15, 119]. Classic machine-learning models remain widely adopted for their robustness
and scalability, while deep-learning architectures (e.g., U-Net, SegFormer, transformer-based models) provide
additional gains where high-quality training data and compute resources are available [88, 96, 107].
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3 Methodology and Technical Validation

3.1 LULC taxonomy

Our taxonomy comprises 12 hierarchically structured LULC classes tailored for India’s agricultural landscapes,
blending stable categories (built-up, barren land, trees, shrubs & scrubs) with dynamic ones (water seasonality,
cropping intensity). See Figure 1 and Table A1 for details. This design, informed by NRSC [72], Dynamic World
[13], FAO LCCS [26], ESRI GLC [49], and ESAWorldCover [117], enables lexible class aggregation/disaggregation
for diverse applications [4].

Fig. (1) Land Use and Land Cover Taxonomy

3.2 Dataset Curation

3.2.1 Remote-sensing datasets. This study uses open-access optical and SAR products, accessed via GEE.
Optical spectral information is drawn from Landsat-7 ETM+ (USGS Landsat 7 Collection 2 TOA relectance;
LANDSAT/LE07/C02/T1_TOA), Landsat-8 OLI (USGS Landsat 8 Collection 2 TOA relectance;
LANDSAT/LC08/C02/T1_TOA), and Sentinel-2 MSI (Level-1C Harmonized TOA ; (COPERNICUS/S2_HARMONIZED),
and MODIS Terra MOD13Q1 NDVI product (MODIS/061/MOD13Q1) [16–19]. Synthetic Aperture Radar (SAR) data
is obtained from Sentinel-1 (C-band InterferometricWide swath &Ground Range Detected ; COPERNICUS/S1_GRD).
[20]

Top of Atmosphere (TOA) vs Surface Relectance (SR) collections: We opted for TOA over SR products because
TOA collections typically retain a larger number of usable scenes, particularly in earlier years and in persistently
cloudy regions such as monsoon-afected India, where SR retrievals can fail additional quality checks or lack
complete coverage [93]. Moreover, TOA products also avoid mixing diferent SR processing versions across
sensors and epochs, simplifying harmonization at the feature level [39, 43, 97].

Cloud Correction: For optical sensors (Landsat-7/8, Sentinel-2, and MODIS), clouds are handled by masking
pixels via native QA bands: Sentinel-2 QA60 (masking clouds and cirrus using bits 10–11), Landsat QA_PIXEL
(masking medium–high conidence clouds, cirrus, and cloud shadows), and MODIS Summary_QA to mask low qual-
ity cloud pixels. Per-pixel cloud masking maximizes temporal density while excluding contaminated observations.
More aggressive strategies (e.g., CloudScore+, Fmask conidence thresholds) could reduce commission errors but
cause substantial data loss, compromising detection of intra-annual dynamics such as cropping intensity and
seasonal water presence [86, 125, 126].

ACM J. Comput. Sustain. Soc.
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3.2.2 Annotated Datasets Across Diferent LULC Classes. A prior research study released broad 4-class
dataset covering greenery, water, built-up, and barrenland across India’s 15 agro-climatic zones [7]. This dataset
enables training and testing across these broad categories and provides a starting point for sampling polygons
toward disaggregated subclasses. With this paper, we additionally curate and release four new datasets targeting
ine-grained classes: tree vs. cropland, diferently sized water bodies, seasonal vs. perennial water instances, and
cropping intensity.

(1) Cropland & Tree Dataset

Starting from the greenery polygons in the broad 4-class dataset [7], we sampled cropland and tree/forest
polygons, followed by illing coverage gaps across all 15 agro-climatic zones through targeted manual
annotation using high-resolution Google Earth Pro imagery. Tree annotations were supplemented using
the forest clearance dataset [62] as a spatial guide. Polygon sizes were maintained comparable to avoid
oversampling bias, with a 10m inward bufer applied to minimize edge mixed pixels. All markings were
cross-veriied by two independent annotators for inter-coder reliability.

Fig. (2) Distribution of cropland and tree anno-

tations over India’s agro-climatic zones.

Class #Polygons #Pixels (10m resolution)

Cropland 132 4,00,196
Tree 174 4,11,471

Table (1) Cropland-Tree labeled dataset size

(a) (b) (c) (d)

Fig. (3) Visual examples of cropland & tree annotations: Subfigures (a,b) illustrate polygons covering croplands, while (c,d)

show tree-covered polygons.

This yielded 132 cropland polygons and 174 tree polygons, producing approximately 400k pixels per class at
10m resolution. Figure 2 illustrates annotation distribution across India, Figure 3 shows example polygons,
and Table 1 covers the details of the dataset size, conirming comprehensive spatial coverage suitable for
supervised classiication of this thematic pair.
Note on limitations of polygon annotation- While careful delineation over homogeneous regions minimizes
mixed pixels relative to segmentation-derived labels over broad image tiles, India’s heterogeneous agri-
cultural landscapes challenge complete pixel purity at scale. For example, some within-farm tree clusters,
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tree plantation plots can be part of cropland annotations. Quantitative assessments should therefore be
complemented by qualitative validation over broader regions for more nuanced understanding of model’s
performance.

(2) Diferently Sized Water & Non-Water Dataset

Small freshwater bodies, such as farm ponds, are critical for agricultural sustainability but remain chal-
lenging to detect in medium-resolution imagery. To stress-test surface water classiiers and assess the
minimum water-body size that can be reliably identiied from medium-resolution spectral data, a water and
non-water dataset of varying sizes was curated across diferent regions of India. From 12.7 lakh MGNREGA
farm pond records [63, 64], two annotators manually veriied and delineated 149 accurate water polygons
across 110 districts, complemented by 139 similarly sized non-water controls (Fig. 4). Water polygons from
the broad 4-class dataset were also incorporated, enriching the collection to 292 water polygons spanning
multiple size classes (Fig. 5 and Table 2).

(a) Nearby pond, displaced marking

(Lat, Lon: 22.622, 72.411)

(b) Accurate pond alignment

(Lat, Lon: 19.434, 78.572)

(c) No pond present

(Lat, Lon: 19.414, 78.508)

Fig. (4) Varying positional accuracy of MGNREGA farm pond locations used as annotation guide to mark diferently sized

water bodies.

Fig. (5) Size distribution of water bodies from MGNREGA

farm pond annotations.

Size Range (sqm) #Water Bodies

0–100 98
100–500 93
500–1000 51
1000–5000 32
>5000 18

Table (2) Size distribution of water bodies in test data.

(3) Seasonal & Perennial Water Body Dataset

We deined three water seasonality classes: (i) water present in Kharif, (ii) water present in Kharif and
Rabi, and (iii) water persisting through Kharif, Rabi, and Zaid. Desk-based annotation of these classes
is challenging, as it requires high-resolution imagery for each cropping season for which data is not
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consistently available from Google Earth Pro. Furthermore, to the best of author’s knowledge, no known
auxiliary datasets currently support reliable delineation of season-speciic surface water.
Field surveys ofer an alternative approach, but would require revisiting the same sites across all three
seasons with ine-scale delineation of dried-up areas, which is logistically demanding. Therefore, we focused
on collecting a limited yet reliable set of examples for both seasonal and perennial water bodies. During
2022, ield visits to 6 districts in central and southern India (Jamui, Koderma, Ranchi, Hazaribagh, Vadagur,
and Giridih) supported this efort. Pre-monsoon surveys helped distinguish dried (seasonal) and water-illed
(perennial) sites, and geo-tagged photos were used to delineate reference polygons on Google Earth Pro
(Figure 6). In total, 16 seasonal and 13 perennial ponds were annotated which were insuicient for model
training but valuable for evaluating classiication accuracy.

(a) Garhi Dam field photo

(24°48’38.73"N, 86°4’8.22"E)

(b) Garhi Dam satellite view (c) Garhi Dam perennial poly-

gon

(d) Ulai River field photo

(24°53’10.37"N, 86°17’11.82"E)

(e) Ulai River satellite view (f) Ulai River seasonal polygon

Fig. (6) Examples of seasonal and perennial water body annotations. Field photos, satellite views, and polygon

markings of perennial and seasonal water bodies from semi-arid regions of India.

(4) Cropping Intensity Dataset

Just like water seasonality, desk-based labeling of single Kharif, single non-Kharif, double, or TAP cropping
would require season-speciic, high-resolution imagery for each crop cycle which was largely unavailable
on Google Earth Pro. To overcome this limitation, we conducted a ield data collection campaign in the
Raichur district of Karnataka, in collaboration with GramVaani, WELL Labs, and the grassroots organization
Prarambha. A QField-based mobile application (Figure 7a) enabled enumerators to delineate ield boundaries
via GPS, record cropping information (like crop name, sowing and harvest periods, irrigation source, etc.)
through structured survey forms, and synchronize data with QFieldCloud.
Ten trained enumerators (Figure 7b) surveyed diverse sites across Raichur during April–May 2023, collecting
data for the 2021 and 2022 agricultural years. A total of 287 ield records were initially submitted (Figure 7).
These records underwent a three-step quality control (QC) process to ensure spatial, temporal, and spectral
accuracy:
• Spatial QC: This initial ilter focused on geometric validity. After removing duplicate, overlapping, and
incorrectly delineated polygons, 152 unique cropland entries remained.
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(a) QField app screenshot (b) Enumerator training (c) Raichur district annotated data distribution

Fig. (7) On-field data collection of cropping intensity labels: Survey snapshot, training, and labeled data distribution.

• Temporal QC: This step checked consistency in the sowing and harvest intervals reported with the
associated crop name to validate correct data entry. With this step, 63 ield entries were eliminated.

• Spectral QC: The inal validation step involved NDVI time-series validation at random points within
each ield to eliminate entries that lacked the expected number of vegetation peaks corresponding to the
reported crop cycle (e.g., detecting two peaks in a ield annotated as a single crop). Following this step,
we were left with a inal set of 88 conirmed ield annotations- 29 representing single Kharif cropping
and 59 representing double cropping.

The inal clean dataset did not include any single non-Kharif or TAP-cropping instances, exhibiting class
imbalance. This exercise highlighted the complexity of annotated data generation for dynamic agricultural
classes. Beyond ield mobilization, high-quality data collection depends on carefully designed survey
questions, balanced spatial sampling, and real-time moderation to reduce annotation errors. Without these
measures, extensive ield eforts may yield only a small proportion of usable annotations. Accordingly, the
inal dataset was used exclusively for evaluating cropping-frequency classiication performance rather
than model training.

3.3 LULC Class Grouping and Task Decomposition

Constructing a uniied, monolithic supervised classiier for the entire target taxonomy is infeasible, primarily due
to the heterogeneity of label availability and the scarcity of annotations for dynamic classes. To address these
real-world constraints, we adopted a hierarchical decomposition strategy governed by four key factors: (1) label
suiciency, (2) inherent class hierarchy, (3) coherence of feature representations, and (4) empirical performance
validation.

The taxonomy partitions naturally based on data availability- Annually stable classes (tree, cropland, peren-
nial water, built-up, barrenland) possess suicient ground truth for supervised learning. In contrast, dynamic
classes (water seasonality, cropping intensity) and spectrally ambiguous categories (shrubs/scrubs) lack adequate
annotations, necessitating unsupervised or rule-based alternatives.
Furthermore, distinct feature requirements dictate speciic groupings. Structurally sensitive SAR time-series

can identify vegetation sub-types, such as distinguishing trees from cropland [9, 82, 89], while optical NDVI time-
series are better suited for capturing phenological cycles to identify cropping intensity [58, 83]. Similarly, SAR
backscatter provides the unique capability to detect water during the cloud-intensive Kharif season [12, 60, 103].
Finally, a broad mix of features can be tested to separate high-level categoriesÐgreenery, water, built-up, and
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barrenland, potentially serving as a foundational masking layer that allows specialized downstream classiiers to
operate on relevant subsets of the landscape [54, 84].
Performance assessments of a multi-class classiier targeting the primary group (greenery, water, built-up,

and barrenland) revealed critical limitations (Figure A2 in Appendix B). Speciically, we observed signiicant
spectral confusion between built-up areas and barren land [7], as well as the inability of a generic water classiier
to capture dynamic seasonality.
These empirical indings led to a further decomposition into targeted, specialized modules to maximize

separability:

• Binary Classiiers: Independent classiiers for Built-up vs. Non-Built-up,Water vs. Non-Water by identifying
seasonal and perennial water using season-speciic composites and SAR features, and Barrenland vs. Greenery
(vegetation).

• Vegetation Sub-classiication: A dedicated Tree vs. Cropland discriminator operating within a vegetative
mask.

• Unsupervised Modules: Clustering-based mapping for cropping intensity followed by identiication of
Shrubs/Scrubs.

Through this hierarchical decomposition, each classiier operates on a compatible feature space and an
appropriately curated label set. Subsequent sections provide detailed descriptions and evaluations of each
classiier, focusing particularly on Kharif water detection, tree vs. cropland discrimination, and cropping intensity
classiication- culminating in a robust pixel-level LULC mapping product.

3.4 Targeted Integration of Dynamic World in the Classification Framework

Dynamic World (DW) is used in the hierarchical pipeline to provide reliable information for relatively stable
land-cover types and to support seasonal mapping of surface water. Its segmentation-based 10m prediction maps
help delineate persistent features such as built-up areas, non-vegetative barren land, and shrub/scrub, while
its dense time series enables aggregation of monthly water classiications into agriculturally relevant seasons.
This section describes how DW is integrated for these roles, and how its outputs are reined through per-pixel
corrections and SAR-based methods before feeding into the inal LULC pipeline.

3.4.1 Built-up Classification. The built-up class represents an annually static category, consistently included
in nearly all state-of-the-art global LULC products. Consequently, we irst benchmark these global products
against a locally trained baseline to determine the optimal approach for this classiication.

To perform this comparative evaluation, we utilized the broad 4-class polygon dataset (greenery, water, built-up,
and barrenland) established in previous work [7]. The dataset was split into an 80:20 ratio. The 80% training
split was used to develop a custom supervised baseline: a Random Forest classiier (100 trees) trained on pixels
sampled at 10m resolution, following the classiication strategy using Sentinel-2 bands described in [7]. The
remaining 20% constituted a held-out test set, comprising approximately 12,000 built-up and 370,000 non-built-up
pixels at 10m resolution.
On this held-out test set, as shown in Table A3, the custom 4-class classiier achieves the highest recall but

sufers from very low precision mirroring the performance of GLC_FCS30D. This is primarily due to barrenland
being frequently misclassiied as built-up owing to their spectral similarities that pose a fundamental challenge for
pixel-based classiication approaches. Among the other global products evaluated, ESAWorldCover demonstrates
the best overall performance; however, its limited annual timestamps preclude continuous monitoring. Dynamic
World provides the next-best balance of precision and recall, supported by by near-real-time Sentinel-2 outputs
since 2017 and the inherent advantages of segmentation-based models in delineating cohesive urban clusters
[13, 109]. However, its outputs often over-generalize built-up predictions in peri-urban areas (misclassifying urban
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greens and nearby croplands), and exhibit confusion with barren land near water bodies and rocky exposures
[115].

(a) High-resolution satellite image of

a built-up area with vegetation.

(b) DW’s built-up prediction (white),

including vegetated areas.

(c) NDVI-corrected pixels (red), reclas-

sified as non-built-up.

Fig. (8) NDVI-based correction of Dynamic World built-up predictions in Adilabad. Threshold of 0.5 resolves false positives

over urban greens and nearby croplands.

To mitigate these limitations, we apply per-pixel error-correction layers using NDVI (threshold 0.5) and NDWI
(threshold 0.25), with thresholds optimized via ROC analysis (Figure A2). These corrections efectively remove
vegetation- and water-adjacent false positives, as can be seen in Figure 8 and Figure A4–. The corrected Dynamic
World outputs outperform all baselines on the held-out test set (Table A3), achieving superior built-up precision
suitable for use as an upstream mask in the full LULC pipeline. It is noted that DW nonetheless struggles
with ine-scale features such as small constructions and linear infrastructure like roads, indicating potential for
future improvement. For a comprehensive description of the validation methodology, ROC curve analysis, and
supplementary performance tables, refer to Appendix C.

3.4.2 Non-Vegetative Barrenland Classification. Like the built-up class, non-vegetative barrenland also
represents another annually static category exhibiting minimal temporal variation in a year. So, on the lines
of preceding subsection, we evaluated the barrenland vs. non-barrenland performance of the same supervised
classiier against the "bare" class of Dynamic World, ESA WorldCover, Esri Land Cover, and GLC_FCS30D. The
held-out test set comprised approximately 75,000 non-vegetative barrenland and 310,000 non-barrenland pixels
sampled at 10m resolution.
As shown in Table A4, ESA WorldCover again demonstrates superior performance, but its limited temporal

coverage renders it unsuitable for continuous monitoring. DW serves as the next-best alternative with its
near-real-time outputs.

Unlike the built-up class, no direct corrections were applied to DW’s bare predictions, as non-vegetative barren
lands can spectrally overlap with fallow croplands, a risk we avoided eliminating given the agriculture-speciic
focus of this work. Instead, we allow these predictions to propagate through the hierarchical LULC pipeline, where
subsequent classiiers re-assign conident labels to the non-vegetative barrenland class, improving precision to
0.94 (methodology detailed in Section 3.5).

Notably, low recall across all products, including the pipeline-enhanced DW (F1 0.60), highlights the challenge of
comprehensively delineating barren lands, representing a key area for future improvement. A detailed breakdown
of barrenland classiication performance, including class-wise metrics and examples of typical misclassiications,
is provided in Appendix D.

3.4.3 Surface Water Body Classification. The water seasonality classiier detects water presence per pixel
and attributes it to agricultural seasons, with emphasis on identifying Kharif-only water bodies often missed by
optical datasets. Pixels are classiied into three classes: (1) water in Kharif only, (2) water in Kharif and Rabi, and
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(3) water in Kharif, Rabi, and Zaid. This design assumes that water detected in drier seasons is also present in
wetter seasons, so isolated “Rabi-only”, “Zaid-only”, and “Rabi & Zaid-only” cases are reassigned to Kharif & Rabi
or Kharif, Rabi & Zaid, respectively.
To select a suitable baseline for water detection, existing LULC and water productsÐDynamic World (DW),

ESA WorldCover, Esri Land Cover, GLCFCS30D, and Global Surface Water (GSW) were irst evaluated against
water annotations from the broad 4-class dataset, split into roughly 180,000 water and 200,000 non-water pixels
at 10m resolution. Figure A6 shows that all products achieve high (> 0.95) precision, recall, and F1-score for these
large-scale labels, but a stratiied analysis by water body size reveals important diferences.

Fig. (9) Performance of existing LULC products on water classification across diferent water-body size categories, showing

precision, recall, and F1-score for the water class.

As highlighted by Figure 9, across water bodies smaller than 5000 sqm, all products show high precision but very
low recall, indicating that most small water bodies remain undetected even when correctly classiied when found.
DW is the only product that begins to capture a non-trivial fraction of 100–500 sqm water bodies and, although
it achieves higher recall than other products in the 500–1,000 sqm range, its recall remains modest, reinforcing
the need for improved methods for these agriculturally important features. Given this relative advantage and its
near-real-time outputs, DW is better suited as the operational baseline for subsequent seasonal water analysis
[13, 109].

SAR-based Kharif Water Detection. Both GSW and DW provide monthly water vs. non-water classiications
that can be aggregated using a majority rule to generate seasonal water maps [52]. While these approaches
produced reliable coverage during the Rabi and Zaid seasons, they failed during Kharif, as shown in Figure A7
due to persistent monsoon cloud cover, which created extensive data gaps and omission errors [56, 95].
To overcome this Kharif-speciic limitation, the framework incorporated Sentinel-1 SAR, which provides

weather independent observations suitable for monsoon water mapping [56, 79, 95]. Backscatter from VV and
VH polarizations was analyzed using the 4-class ground truth revealing strong separability between water
and non-water classes [44], with VV showing greater sensitivity to open water surfaces than VH (Figure A9)
[48, 53, 81]. A VV threshold of -16dB was selected via ROC analysis (Figure A10) as a robust decision boundary,
and monthly VV composites below this threshold were converted into binary Kharif water masks [37, 103]. To
reduce false positives arising from transient soil moisture or short-lived inundation, a pixel was treated as Kharif
water only if it was detected as water in more than two of the four Kharif months [121], and this SAR-based
Kharif layer was combined with DW-derived Rabi and Zaid layers to form a uniied seasonal water presence map.
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We used DW instead of GSW for Rabi and Zaid because our analysis, supported by published evaluations [42, 78],
showed that GSW systematically underestimated water extent and missed many small water bodies [42, 78].

Comparative Evaluation: Perennial water body polygons provided a pragmatic proxy for evaluating Kharif
performance, since pixels within these polygons are expected to contain water throughout all four Kharif months.
For each classiier, a monthly water-count (0–4) was computed per pixel, and performance was evaluated via
Normalized Root Mean Squared Error (NRMSE) that compares observed month counts to the ideal value of four,
thereby penalizing larger temporal omissions more strongly than minor gaps. On nearly 5000 perennial water
pixels, the SAR-based Kharif classiier achieved a markedly lower NRMSE (0.33) than both DW (0.75) and GSW
(0.53), indicating substantially more consistent detection of water during the monsoon. Figure A11 illustrates the
distribution of perennial water pixels classiied as water across Kharif months by diferent methods. Notably,
Dynamic World identiies water in zero Kharif months for nearly 50% of these pixels, while GSW detects water
in only 2 out of 4 Kharif months for the majority of these pixels, highlighting the severe data limitations imposed
by monsoon cloud cover on both approaches.
Combined SAR-in-Kharif plus DW-in-Rabi/Zaid coniguration not only maintains strong performance on

large, perennial water bodies (Figure A6) but also substantially improves detection of smaller, often Kharif-only
structures that are underrepresented in existing products (Figure 9).

NDWI-based post-classiication error correction. To further reduce false positives, especially where non-
water classes such as water-intensive croplands or bright built-up surfaces mimic water in optical or SAR
signatures, an NDWI-based error-correction layer was applied [36]. Hard-negative mining over misclassiied
crop/vegetation and barrenland areas (29,050 pixels), combined with correctly labeled water regions from multiple
districts (31,141 pixels), yielded balanced water/non-water pixel samples. ROC analysis on this combined dataset
identiies an NDWI threshold of 0.15 as efective for distinguishing true water from spectrally similar non-water
surfaces (Figures A12a, A12b). Pixels whose maximum NDWI over the year never exceeds 0.15 are reclassiied as
non-water, under the assumption that genuine surface water bodies exhibit at least one high-NDWI observation
annually. This correction substantially increases precision from 0.91 to 0.99 (while maintaining high recall) on
the hard-mined set, indicating a meaningful reduction in false positives for seasonal water mapping.
For a comprehensive breakdown of SAR backscatter distributions, ROC analyses for threshold selection, and

stratiied performance metrics across diferent water body sizes, refer to Appendix E.

3.5 Cropland vs Tree Classification

This section describes the development of a SAR-based tree–cropland classiier tailored to heterogeneous Indian
landscapes, where trees occur as plantations, ield-boundary rows, and small clusters embedded within croplands.
Existing global LULC products provide cropland–tree labels but often overgeneralize in such settings, either
due to segmentation-based smoothing or spectral confusion among vegetated subclasses in multi-class lat
classiiers [120]. To obtain iner delineation of tree cover within agricultural mosaics, a custom classiier based on
structure-sensitive Sentinel-1 SAR time series was developed.

Feature engineering. Time-series features can be highly efective for delineating tree cover from croplands
because trees remain relatively static within a given year, whereas croplands exhibit pronounced temporal
variability due to cropping cycles. To determine which sensor modality better captures these distinctions, we
constructed synchronized 16-day time series of optical indices (NDVI, EVI) from Sentinel-2 and backscatter
intensity (VV, VH) from Sentinel-1.

For the optical time series, we utilized cloud-masked Sentinel-2 imagery, aggregating pixels into 16-day median
composites to minimize atmospheric artifacts. For the SAR time series, Sentinel-1 VV and VH bands from both
ascending and descending orbits were combined to maximize temporal coverage. Notably, no speckle iltering
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was applied to the SAR data to preserve the high-frequency spatial detail required for detecting individual trees
and narrow tree lines [94]. Missing observations in both datasets were illed via linear interpolation to ensure
continuity.

We irst assessed the discriminative power of these features using a Random Forest classiier. Feature importance
analysis, measured by Mean Decrease in Impurity (MDI), indicated that NDVI contributed most signiicantly to
the model, relecting its high sensitivity to vegetation phenology relative to SAR’s structural backscatter.

Fig. (10) Inter-annual performance of SAR- and Optical-data based models for treeścropland delineation, showing Macro

F1 scores for years 2018, 2019, and 2020.

However, a multi-year robustness assessment revealed a critical limitation in the optical approach.Whenmodels
trained on 2019 data were evaluated on held-out polygons from 2018, 2019, and 2020 (assuming stable land cover),
NDVI-based predictions exhibited high inter-annual variance (as shown in Figure 10). This instability likely stems
from variable clear-sky availability and shifts in phenological timing (e.g., peak greenness dependence on rainfall).
In contrast, the SAR-based model demonstrated remarkable temporal consistency. As shown in Figure 11, the
joint VV–VH trajectories efectively capture the structural stability of trees (high, consistent volume scattering)
versus the lower, variable backscatter of croplands. Because these structural signals are cloud-independent and
less sensitive to short-term climatic shifts, SAR backscatter was selected as the discriminative feature vector for
this study.

Classiication method. Tree–cropland polygons were split into an 80:20 ratio for training and testing. From
the training polygons, 25,000 pixels per class were randomly sampled at 10m resolution. A Random Forest
classiier with 100 trees, trained on the Sentinel-1 time-series features, was implemented on Google Earth Engine
for eicient large-area deployment.

Post-classiication error correction. Post-processing corrections were applied to reduce systematic false
positives and enforce landscape constraints (Appendix F, Figure A14). First, a slope-based correction used SRTM-
derived slope to reassign cropland predictions on slopes greater than 20° to tree cover, relecting that Indian
agriculture predominantly occurs on gentle slopes, with steep-slope cropping largely limited to rare terrace
systems in the Himalayas [65, 71, 127]. Boxplots of slope values for labeled tree and cropland points (Appendix
F, Figure A15) conirm this pattern, and example maps (Figure A16) illustrate cropland pixels on steep terrain
correctly reclassiied as tree.

A second stage applied NDVI-based corrections. Separate NDVI thresholds were derived for cropland and tree
classes using a combination of NDVI distributions, ROC curve analysis, and spatial inspection of corrected regions.

ACM J. Comput. Sustain. Soc.



Beyond Flat Classifiers: Practical methodologies for regionally accurate and relevant land use and land cover classification using Landsat

and Sentinel data • 17

Fig. (11) VH backscater boxplots (16-day intervals, 2019 hydrological year): Trees exhibit higher, stable values; croplands

show greater variability. (VV time series: Appendix F, Figure A13.)

For cropland, pixels whose maximum annual NDVI remained below 0.15, typically barren or highly degraded
areas, were reassigned to the barren class. For tree cover, pixels with maximum NDVI below 0.3, characteristic of
sparse vegetation or low, bushy cover, were also reclassiied as barren. The supporting quantitative and visual
analyses are presented as panels in Figure A17 (cropland) and Figure A19 (tree) in Appendix F, ensuring that the
threshold choices balance statistical robustness with practical mapping accuracy.

Performance evaluation. The SAR-based classiierwas evaluated against four global LULC productsÐDynamic
World, ESAWorldCover, Esri Land Cover, and GLC_FCS30DÐon a held-out 10 m test set for 2019 (101,481 cropland
and 56,962 tree pixels). Table 3 reports per-class precision, recall, and F1-score, along with macro averages to
account for class imbalance. Quantitatively, ESA WorldCover and Esri Land Cover achieve the highest aggregate
scores on this polygon-based test set, while the SAR-based model performs competitively, particularly for tree
recall.

Method
Cropland (101,481) Tree (56,962)

Macro Average
Precision Recall F1-score Precision Recall F1-score

Dynamic World 1.00 0.88 0.94 0.83 1.00 0.91 0.92
ESA Worldcover 1.00 0.98 0.94 0.99 0.93 0.96 0.98
Esri Land Cover 1.00 0.99 1.00 1.00 1.94 0.97 0.98
GLC_FCS30D 0.95 0.91 0.93 0.89 0.86 0.87 0.90
SAR timeseries based 0.99 0.93 0.96 0.88 0.98 0.93 0.94

Table (3) Performance Metrics for Cropland vs Tree Classification. Comparative evaluation of existing LULC products

against SAR-based classifier on held-out test dataset at 10m resolution.

Visual inspection of model predictions over the held-out test polygons (Figure 12) shows that the dominant
misclassiication type is “tree-in-cropland”: many pixels predicted as tree but labeled as cropland in the annotated
dataset lie along ield boundaries, within plantations, or in small clusters inside cropland polygons (as noted in
Section 3.2.2). Although these cases reduce the apparent accuracy of Dynamic World and the SAR-based classiier
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(a) Cropland test polygon annotation (b) Dynamic World (c) ESA Worldcover

(d) ESRI Land Cover (e) GLC_FCS30D (f) SAR-based Classifier

Fig. (12) Reference satellite image (2019) and corresponding croplandśtree predictions from Dynamic World, ESA World-

Cover, Esri Land Cover, GLC_FCS30D, and the SAR-based classifier over a test polygon, illustrating fine-scale tree-in-cropland

paterns (notably in plantation areas) captured by DW and the SAR model but largely missed by other products.

Legend: polygon boundary cropland tree

in per-pixel metrics, they correspond to genuine tree cover embedded in agricultural ields and are therefore
desirable from a mapping perspective.

To understand how this behavior manifests beyond individual polygons, predictions are examined over larger
heterogeneous landscapes, such as Adilabad (Figure 13). Dynamic World and GLC_FCS30D tend to underpredict
cropland in such fragmented agricultural mosaics and overgeneralize tree cover around existing woody patches
and along forest margins. ESA WorldCover and Esri Land Cover, in contrast, frequently overgeneralize cropland,
assigning large areas almost entirely to cropland with very limited tree representation. Taken together, these
patterns indicate that, among the available products, the SAR-based method provides the most detailed and
structurally consistent delineation of the cropland–tree mosaic.

3.6 Cropping Intensity Classification

Due to the scarcity of labeled annotations, we developed an unsupervised hierarchical K-means clustering
method for cropping intensity classiication. Applied to 30m NDVI time series from cropland pixels, this approach
distinguishes four categories: single Kharif, single non-Kharif, double, and triple/annual/perennial (TAP) cropping.
Methodological details follow, with extended procedures in Appendix G.

Data Preparation. To capture the full diversity of cropping patterns across India, we sampled pixels, at 30m
resolution, from the annotated cropland polygons described in Section 3.2.2. This sampling strategy spanned
all agro-climatic zones, ensuring our dataset represented the unique phenological signatures driven by India’s
varied temperature, rainfall, and soil conditions.

For each sampled pixel, we constructed an NDVI time series to serve as the feature vector for classiication.
This vector captures the distinct phenological luctuations associated with sowing, peak growth, senescence, and
harvest. Adopting the worklow of Zhang et al. [122], we generated continuous 16-day composite time series
over a hydrological year by harmonizing Landsat-7/8 TOA relectance with Sentinel-2 data [21], illing in the
gaps with MODIS and applying linear interpolation.
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(a) Reference satellite image (b) Dynamic World (c) ESA Worldcover

(d) Esri Land Cover (e) GLC_FCS30D (f) SAR-based Classifier

Fig. (13) Treeścropland predictions over a heterogeneous region in Adilabad (reference image centered at [19.35327°N,

78.7826°E]), comparing diferent LULC products and highlighting the finer treeścropland delineation achieved by the SAR-

based classifier; non-treeścropland pixels for each product are shown as masked.

Legend: cropland tree

We selected a 16-day interval as it ofers an optimal trade-of: it provides suicient temporal density to
distinguish the Kharif, Rabi, and Zaid seasons while maintaining computational feasibility for large-scale analysis
[80, 108]. Crucially, while our 16-day median compositing inherently minimizes high-frequency noise, we deviated
from conventional approaches by omitting additional temporal smoothing algorithms such as the Whittaker
ilter. Although such iltering efectively reduces residual noise, it often attenuates the sharp, transient signal
peaks characteristic of intensive multi-cropping systems (Figure 14).

Fig. (14) Whitaker Smoothing of NDVI Time Series in Raichur, India. Application of Whitaker smoothing to NDVI

data could reduce peak intensities, which may obscure detection of actual cropping intensity patern.

Hierarchical Time Series Clustering and Labeling. To classify cropping intensity, we employed hierarchical
K-means clustering on the NDVI time series of cropland pixels, grouping similar phenological patterns for
subsequent annotation. Guided by elbow and silhouette analyses (Figures A23-A24, Appendix G), we initialized
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the model with k=18 clusters. To reduce intra-class variability and generate tighter clusters, we hierarchically
reined these clusters by recursively splitting them based on a distortion threshold of 0.23. This threshold was
determined to balance the minimization of intra-cluster variance with a practical limit on the number of clusters
required for manual labeling. This process yielded 33 distinct clusters (Figure A25, Appendix G), which served as
the basis for subsequent annotation and reinement.

Cluster Labeling. Prior to annotating the 33 derived clusters, we established a reference baseline by examining
NDVI time series from known single, double, and TAP cropping locations across India (Figure A26). This qualitative
validation allowed us to characterize the distinct phenological signatures, such as peak timing and separation,
associated with each cropping intensity, serving as a guide for the subsequent cluster labeling process.
Cluster centroids (mean NDVI proiles of member pixels) were labeled by counting signiicant peaks (NDVI

>0.3) [92, 114] with roughly 40–50 day separations (5–6 time points) to distinguish cropping frequencies while
avoiding intra-seasonal confusion. Standard seasonal windows were applied with lexibility for regional variations,
such as early or delayed Kharif onset, ofering advantages over rigid automated peak detection.

Ambiguous clusters lacking clear seasonal alignment were visually lagged and recursively subdivided (� = 2)
to isolate consistent sub-patterns. Clusters remaining ambiguous after subdivision were discarded (9̃%), ensuring
only robust phenological signatures contributed to the inal classiication (Figure 15). Detailed examples of this
reinement process are provided in Appendix G (Figure A27).

Fig. (15) Final labeled clusters for cropping intensity classification. Centroids and data spreads represent distinct classes:

single Kharif, single non-Kharif, double, and TAP cropping.

Pixel-Wise Mapping and Distance Metric Selection. Following the deinition of cluster centroids, cropland
pixels were assigned to the nearest labeled centroid using Euclidean distance on their NDVI time series, generat-
ing pan-India cropping intensity maps. Euclidean distance was selected over cosine similarity (which ignores
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amplitude diferences critical for cropping intensity) and dynamic time warping (infeasible due to memory limits
in GEE). This approach balances shape and magnitude sensitivity for scalable pixel-wise classiication.
While this unsupervised method efectively captures diverse cropping patterns without assuming ixed phe-

nologies, manual cluster labeling introduces some subjectivity. Scalable alternatives for lexible distance metrics
that handle temporal shifts and incorporation of auxiliary datasets like precipitation could further enhance
classiier performance in future work.

Performance Evaluation. We compare the performance of our unsupervised classiier against GCI-30 as a
baseline. For this evaluation, we use 88 inal annotated ield samples, described in Section 3.2.2, that pass all three
Quality Control (QC) checks.

Method
Single Kharif (31,164) Double (5027)

Macro Average
Precision Recall F1-score Precision Recall F1-score

GCI-30 0.92 1.00 0.95 0.95 0.43 0.59 0.77
Unsupervised Classiier 0.97 0.97 0.97 0.81 0.79 0.80 0.88

Table (4) Pixel-level comparative evaluation of GCI-30 against our unsupervised classifier for cropping intensity classification

on Raichur dataset.

Fig. (16) Pixel-level confusion matrices comparing GCI-30 against the proposed Unsupervised Classifier. The matrices

reveal GCI-30’s systematic underestimation of cropping intensity by mis-classifying Double cropping as Single.

We conducted evaluation at both pixel and ield levels. From the inal clean 88 ield boundaries, we sampled
10m pixels, yielding 31,164 single Kharif cropping pixels and 5,027 double cropping pixels for model assessment.
The results are summarized in Table 4. The pixel-level confusion matrices (Figure 16) reveal that GCI-30 exhibits
limited performance, particularly for the Double class, achieving a macro average score of 0.77. Its tendency to
underestimate cropping intensity, frequently misclassifying Double as Single Kharif, likely arises from smoothing
artifacts or rigid thresholding that obscuremultiple cropping cycles. In contrast, our unsupervised classiier, trained
on pan-India cropland clusters, achieves a superior macro average of 0.88, demonstrating robust discrimination
between Single Kharif and Double classes.
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Fig. (17) Macro average scores for GCI-30 and Unsupervised Classifier across the 3-stage uality Control pipeline. Upward

trends show the impact of spatial, temporal, and spectral validation on test label refinement.

Performance metrics improved systematically with successive data quality control (QC) steps, as shown in
Figure 17. This progressive enhancement across both methods conirms that our cleaning steps enhanced data
reliability without introducing method-speciic bias.

While pixel-level analysis is valuable, assigning a single cropping intensity label to every pixel within a farm
boundary can be confounding due to inter-cropping and intra-ield variability. We therefore conducted ield-level
analysis by aggregating per-pixel predictions via majority voting within each ield boundary, enabling direct
comparison with ield-assigned labels. The ield-level results, summarized in Table A5, Figure A28, and Figure A29,
reinforce the trends observed at the pixel level but with greater polarity. The unsupervised classiier maintained
robust performance with a macro average of 0.85. However, GCI-30 performance degraded signiicantly to 0.52 at
the ield level. This stark contrast highlights that while GCI-30 may capture some pixel-level heterogeneity, it
fails to consistently characterize the dominant cropping pattern of smallholder ields, providing strong evidence
that our unsupervised approach is better suited for agricultural monitoring in this landscape.
It should be noted that due to the bias in test data towards Single Kharif and Double cropping classes, a

comprehensive evaluation of classiier performance remains lacking. This limitation underscores the need for
future studies and data collection initiatives to assemble a more balanced and representative dataset covering all
cropping intensity classes.

Selection of geographic scope for phenological clustering: To determine the optimal spatial extent for
training the unsupervised classiier, we evaluated clustering performance at three geographic scales: district-level
(Raichur), agro-ecological zone (AEZ-level), and Pan-India. As detailed in Table A6, the district-level approach
failed to capture suicient phenological diversity, resulting in high labeling ambiguity (50%). Conversely, while
AEZ-speciic clustering ofered marginal accuracy gains (94% vs. 91% on Raichur dataset) by itting local patterns
more closely, it failed to capture the full spectrum of cropping intensity classes, speciically missing Single
Non-Kharif (SNK) patterns, and posed signiicant scalability challenges regarding labeling consistency across 20
distinct AEZs. The Pan-India strategy ultimately proved to be the most robust; it achieved 90% unambiguous
labeling, captured all four target intensity classes (Single Kharif, SNK, Double, and Triple), and maintained high
class diversity (Shannon Entropy = 1.18). Although localized reinements can yield speciic improvements, as
demonstrated by a 7.8% accuracy gain in a separate case study on Anantapur (see Appendix G), the Pan-India
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approach provides the necessary balance of broad class coverage and consistent performance required for scalable
nationwide mapping.

3.7 Decision-Tree Based Sequencing of Classifiers for Hierarchical LULC Mapping

The inal LULC classiication pipeline was implemented through a hierarchical decision tree structure integrating
multiple classiiers developed from distinct input datasets and temporal contexts. The hierarchy was designed
to balance thematic consistency, classiier performance, and computational eiciency, as shown in Figure 18.
Accordingly, three guiding principles shaped the decision order: (i) broad thematic separations precede iner
subclass distinctions; (ii) high-precision and scalable classiiers are placed early to capture “high-conidence”
regions; and (iii) computationally inexpensive classiiers are prioritized in the initial layers to facilitate national-
scale mapping.

Fig. (18) LULC classification pipeline as a sequence of binary classifiers with pixel-level error correction layers, leveraging

annual composites for static classes and time series for dynamic classes.

At the top of the hierarchy, the built-up versus non-built-up distinction was derived from the Dynamic World
product. This decision was motivated by the relatively high accuracy and processing speed associated with the
annual DW built-up layer. Among the DW-based classiiers, the built-up class exhibits both strong positional
precision and straightforward implementation using a single annual composite, making it ideal for the irst node.
This early extraction eiciently masks anthropogenic surfaces, minimizing confusion in subsequent classiiers.

For the non-built-up areas, the next branch targets water seasonality, which leverages multi-temporal in-
formation to identify hydrologically dynamic regions. Water classes were sequentially characterized using a
threshold-based SAR classiication for Kharif season water bodies, supplemented by DW-derived water layers
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for Rabi and Zaid seasons. Although DW-generated water masks are reliable, the necessity of generating multi-
season composites renders them computationally more intensive than the built-up classiication, justifying their
placement below the irst node. The use of SAR backscatter thresholds during kharif enhances sensitivity to
monsoon dynamics and ensures accurate seasonal water delineation.

Pixels classiied as non-built-up and non-water proceed to a barrenland versus greenery classiier derived from
DW output. This step delineates vegetated and non-vegetated surfaces to establish a broad thematic separation.
Although this classiier is computationally light due to its DW dependency, its relatively low recall for barren
regions limits its use at higher hierarchy levels. The retained barrenland class captures stable non-vegetated
areas, whereas the greenery outputs become the input mask for the next set of vegetation sub-classiiers.
Within the greenery class, further subclassiication was undertaken through a SAR time-series–based tree

versus cropland classiier. The inclusion of SAR data at this stage is justiied by its ability to discriminate perennial
woody vegetation from actively cultivated ields, especially under varying cloud conditions and phenological
phases. The use of temporal backscatter metrics allows a robust separation consistent with thematic hierarchy
and minimizes vegetation-type confusion.

The areas identiied as cropland were further categorized through an NDVI-based cropping intensity classiier
that distinguishes single kharif, single non-kharif, double, and triple/annual/perennial (TAP) cropping regimes.
This step was placed deeper in the hierarchy as it represents a computationally intensive analysis requiring intra-
annual time-series processing. The logical sequence of broad agricultural detection irst, followed by cropping
intensity mapping ensures scalability and minimizes redundant computation.
Finally, shrub/scrub regions were extracted from single kharif cropland classes using DW composites. This

inal module reassigns areas exhibiting transitional or sparse vegetation phenology typically misclassiied as
cropland into a more appropriate class, thereby enhancing thematic correctness in semi-arid environments.
This sequential structure ensures that the classiication proceeds from rapid, high-conidence separations to

more specialized and data-intensive analyses to produce annual LULC maps. Each classiier operates only on
a restricted spatial subset deined by preceding masks, optimizing computational load and enabling controlled
error propagation across thematic levels. Class-speciic accuracy assessments corresponding to these classiier
stages are presented separately. The complete pipeline could not be evaluated against existing LULC products
because no available product directly matches the thematic detail and class deinitions adopted in this study.
Furthermore, labeled reference datasets are not uniformly available across all inal classes, particularly for themes
such as water seasonality and cropping intensity, making a single comprehensive validation infeasible.

3.8 Temporal Correction

Temporal inconsistencies are a common challenge in yearly LULC predictions, often stemming from missing
data, salt-and-pepper noise [51], or limited generalizability of model across years [8]. For example, in Raichur
district, our LULC predictions from 2017–2020 (Figures 19a–19d) show noticeable inconsistencies, particularly a
pronounced over-prediction of shrubs and barren land in 2018. Such artifacts hinder reliable temporal change
detection and necessitate a robust temporal correction framework [113].

3.8.1 Inconsistent Patern Identification and Rule Derivation. To detect temporal inconsistencies, we
analyzed pixel-wise land cover transitions within a three-year window which is the minimum span needed to
capture temporal patterns. With 11 LULC classes, possible transitions are numerous and often rare in real data.
We thus analyzed representative subsets from regions with diverse land dynamics and strong ield knowledge:
Raichur, Adilabad, and upper/lower Tungabhadra basins. LULC maps were generated for these regions over six
hydrological years (2017–2022), and approximately 400,000 pixels were randomly sampled per class. We analyzed
transition patterns in two 3-year windows: 2017–2019 and 2020–2022. Frequency distribution of such sequences
in Adilabad are shown in Figure A31- A32.
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(a) HY-2017 (b) HY-2018 (c) HY-2019 (d) HY-2020 (e) LULC Legend

Fig. (19) Snapshots of Temporal LULC Maps of Raichur District Without Temporal Correction. (a)ś(d) show district LULC

maps for HY 2017ś2020, where year 2018 shows reveal sudden conversion of tree cover into barren area and (e) shows the

LULC legend.

Each high-frequency inconsistent pattern was identiied (Refer to Figure A33 for examples) and veriied
using Google Earth Pro historical imagery. These observations informed targeted correction rules to improve
consistency within each three-year sequence. The complete rule tables are provided in Appendix H. We divided
these correction rules into following categories-

• Missing Data Interpolation: Gaps from cloud cover or sensor errors are illed using adjacent-year
predictions (Table A7). For a missing observation at year t, if classiications at (� − 1) and (� + 1) are identical,
the class is illed via temporal persistence. In case of diferent adjacent classes, the prediction of year closer
to the 2019 training baseline is used to preserve model integrity.

• Intermediate-Year Inconsistency: These address abrupt reversals where a middle year difers from its
neighbors. While many are simple "lips" (e.g., ���� → �ℎ��� → ���� =⇒ ����), some require domain-
speciic logic. For instance,����� → �������� → ����� transitions often indicate sedimented zones
and are corrected to Barren, while ������� → ���� → ������� patterns are resolved using an extended
ive-year window to account for persistent urban structures. Refer Table A8 for the complete set of these
handcrafted rules.

• Edge-Year Inconsistency: We also identiied edge-year inconsistencies (Table A9), particularly ������� →

�������� → �������� and ������� → ���� → ���� patterns, which are unlikely as built-up areas rarely
revert to vegetative cover in such short window of years. These sequences were corrected by updating the
irst year to match the prediction of subsequent years.

3.8.2 Temporal Correction Algorithm. A multi-step algorithm (Pseudocode 1, Appendix H) ensures temporal
consistency in multi-year LULC predictions through iterative reinement. It begins with a single-pass interpolation
of missing classiications using adjacent-year predictions. A three-year moving window then identiies candidate
pixels by counting intermediate-year inconsistencies per pixel. District-wide analysis (Figure A34, Appendix H)
showed that most correctable pixels exhibit low transition frequencies, indicating isolated artifacts rather than
systemic classiication failures. Pixels with inconsistencies in more than 50% of years are excluded due to high
temporal instability. Stable pixels receive a second pass of correction rules for intermediate-year consistency.
Training-year predictions remain unmodiied to preserve data integrity. Finally, specialized rules are applied to
address inconsistencies in the edge years of the time series.
The proposed algorithm systematically improves the temporal coherence of LULC maps by illing missing

values, enforcing logical land cover transitions, and minimizing classiication errors. These improvements are
shown in the corrected maps for the Raichur district (HY 2017–2020), where the previous over-prediction of
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(a) Corrected LULC

Map, HY 2017

(b) Corrected LULC

Map, HY-2018

(c) Corrected LULC

Map, HY 2019

(d) Corrected LULC

Map, HY 2020

(e) LULC Legend

Fig. (20) Corrected temporal LULC maps for Raichur district (2017ś2020HY). (aśd) annual LULC maps; (e) legend.

barren land in 2018 is signiicantly reduced, resulting in a more stable temporal sequence (Figure 20). Refer to
Figure A35 for further localized examples in the cropland regions of Adilabad that undergo temporal correction.
Ultimately, this framework ensures that the resulting multi-year LULC products are suiciently consistent to
support robust, high-conidence temporal change detection and long-term land-use trend analysis.
For comprehensive details regarding the speciic correction rules, the multi-pass algorithm, and additional

validation examples, refer to Appendix H.

4 Discussion and Conclusions

This research establishes a practical, hierarchical LULC classiication framework tailored to the heterogeneity of
India’s landscapes, demonstrating that a class-speciic approach signiicantly outperforms traditional lat multi-
class models. Since a collective comparison against global products was precluded by thematic inconsistencies and
a lack of coherent datasets, we validated our results through rigorous class-wise evaluations against appropriate
baselines. Our SAR-based classiication for cloud-obscured Kharif water bodies achieved superior consistency
with a markedly lower NRMSE (0.33) compared to Dynamic World (0.75) and Global Surface Water (0.53), while
our SAR time-series metrics distinguished trees with a peak recall of 0.98 and a cropland F1-score of 0.96. Similarly,
our unsupervised pipeline for cropping intensity outperformed the GCI-30 baseline, securing a pixel-level macro
average of 0.88 (vs. 0.70) with a substantial gain at the ield level (0.85 vs. 0.52). To support these methods and the
broader research community, we curated and released four high-quality annotated datasets validated through
rigorous desk-based and ield data collection. Furthermore, the framework’s implementation on GEE ensures
high computational eiciency suitable for national-scale deployment; for instance, generating a 10m resolution
map for Agro-Ecological Zone-11 (138,311 sq.km) requires approximately 7 hours and yields a lightweight asset
(3̃85 MB), conirming that this open-source, cloud-native approach is both technically feasible and accessible for
widespread adoption.

4.1 Generalizable Framework for Hierarchical LULC Mapping

Developing regional LULC products with arbitrary thematic detail can follow a modular, ive-stage hierarchical
design framework (Figure 21):

(1) Class Grouping and Task Decomposition. Partition the target taxonomy into thematically coherent
groups separable by shared feature sets (e.g., NDVI phenology for cropping intensity subclasses, or SAR
backscatter for tree–crop structure). Decompose complex multi-class problems into simpler binary or
few-class tasks where joint separability is challenging.
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Fig. (21) Hierarchical classification framework for regional LULC mapping.

(2) Task-Speciic Classiier Development. For each decomposed task, apply standard ML worklows: curate
labels (ield, desk-based, or product-derived); engineer class-relevant features (composites, time series from
optical/SAR/ancillary data); train models with regularization and tuning; validate on held-out data for error
patterns; apply post-processing corrections; and evaluate against baselines. The framework accommodates
any validated algorithm.

(3) Hierarchical Decision-Tree Assembly. Sequence classiiers respecting: (i) thematic hierarchy (broad
classes before subclasses); (ii) performance (high-precision modules early to mask "easy" regions); and (iii)
scalability (cheap, broad classiiers irst to constrain compute-intensive steps). This yields a pixel-wise
decision cascade superior to lat multi-class models.

(4) Annual Mapping. Execute the pipeline year-by-year, aligning temporal windows to regional calendars
(agricultural/hydrological seasons) at target resolution.

(5) Multi-Year Temporal Smoothing. Post-process annual outputs with temporal ilters, transition rules,
or probabilistic smoothing to enforce plausibility (e.g., stable built-up extents, gradual cropland shifts),
enhancing longitudinal coherence.

This paper instantiated the framework for India’s 12-class taxonomy, blending global products with custom
classiiers.

4.2 Operational Deployment and Real-World Applications

The framework’s outputs, 10m pan-India LULC maps, have been deployed via CoRE Stack’s GEE application,
an open-source digital public infrastructure promoting bottom-up landscape planning for climate resilience and
sustainable NRM [24]. These maps, particularly the intra-annual dynamic classes (water seasonality, cropping
intensity), power several decision-support tools within CoRE Stack.
Key applications include: (i) Commons Connect, which currently supports more than 15 civil society or-

ganizations in over 500 villages to demand water assets under MGNREGA; our LULC layers help model crop
water demand, drought sensitivity, and agricultural intensiication risks, powering hydrological reports and
visualizations for equitable resource allocation [61]; (ii) Know Your Landscape (KYL) dashboard, delivering
micro-watershed and village-level insights on agricultural intensity and seasonal water availability for policy-
makers and researchers [25]; and (iii) pan-India NRM impact assessments, as demonstrated by Kaur et al.,
where water and cropping intensity layers identify farm ponds/check dams and quantify their efects on local
agricultural productivity [50].
This deployment bridges research and practice, enabling community-led NRM planning across hundreds of

Indian villages while demonstrating the framework’s scalability and actionability.

4.2.1 Field Validation and Community Impact: Insights from Murgathal village in Hathiyapathar

Gram Panchayat (Jharkhand). Murgathal is a village in the Masalia Block of Dumka district. With ield insights
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from the deployment of Commons Connect app in this village, we demonstrate how the water seasonality and
cropping intensity layers produced by our LULC framework aids in micro-watershed development in this village.

Implementation Framework. The planning process, led by facilitator Rupdhan Hansda (SUPPORT CSO
[101]), utilized a hybrid methodology combining traditional Participatory Rural Appraisal (PRA) with our satellite-
derived LULC maps. The worklow involved four distinct stages: (i) community consultations (Figure 22a) and
Gram Sabhas, (ii) digital vulnerability mapping, (iii) ground-truthing via transect walks (Figure 22b- 22c), and (iv)
the inalization of a Detailed Project Report (DPR).

(a) Community discussion (b) Water structure validation (c) Cropping report validation

Fig. (22) Field visit snapshots fromMurgathal village, Masalia block, Jharkhand, conducted by Rupdhan Hansda (SUPPORT).

Precision Planning via LULC Analytics. The integration of temporal LULC data provided three critical
advantages over traditional manual planning methods-

• Vulnerability Assessment: By utilizing the cropping intensity layers, the team performed a longitudinal
analysis to identify "vulnerability hotspots"Ðregions exhibiting a steady decline in agricultural productivity
over a ive-year horizon. This allowed for the creation of a Social-Economic-Ecological Proile that prioritized
land parcels belonging to the most vulnerable household beneiciaries.

• Micro-Watershed Characterization: The LULC maps facilitated a granular audit of all micro-watersheds
intersecting the settlement. By overlaying temporal land-use changes with existing Natural Resource
Management (NRM) assets, the team identiied speciic spatial gaps where existing water structures (wells
and ponds) were no longer suicient to support current cropping demands.

• Hydrological Proiling: The water seasonality layers were used to plot the inter-annual variability of
surface water within the watershed. This informed the community about shifting water availability patterns,
which had previously been noted only through anecdotal observations.

Outcomes and Policy Implications. The data-driven approach culminated in the Plan Murgathal DPR,
presented to the Gram Sabha on March 26, 2025. The precision aforded by the LULC layers led to the proposal of
targeted NRM interventions (Figure 23)-

(1) Recharge Optimization: The identiication of declining cropping intensity led to a community-backed
demand for three new percolation tanks located at strategic recharge points identiied by the slope and
LULC intersection.

(2) Sustainability Targets: The mapping of seasonal water shifts allowed for the design of irrigation tasks

tailored to stabilize the non-monsoon crop, directly addressing the identiied "low-intensity" zones.
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Fig. (23) Spatial distribution of NRM works proposed by the community in Murgathal village via Commons Connect.

This case study demonstrates that high-resolution LULCmaps do not merely serve as classiication outputs; they
act as a "spatial bridge" between satellite-based observations and community-led climate resilience strategies. This
bottom up demand generation becomes all the more signiicant in areas like Jharkhand, which is predominantly
inhabited by a marginalized caste community of Scheduled Tribes. As of October 2025, SUPPORT organization
[101] has submitted 30 DPRs powered by the Commons Connect App.

4.3 Limitations And Future Directions

While the hierarchical framework demonstrates strong performance for agriculturally relevant classes, several
limitations highlight opportunities for reinement-

Thematic and Classiication Gaps. Barrenland and shrub/scrub modules were deprioritized due to the
study’s agricultural focus, relying on Dynamic World proxies that exhibit known confusions with croplands,
grasslands, and trees. Future work can prioritize these classes through dedicated SAR/texture-based classiiers or
ancillary datasets (e.g., soil maps, elevation) to enhance overall thematic completeness.

Temporal Windows and Regional Variability. Fixed Kharif, Rabi, and Zaid deinitions that are anchored to
southwest monsoon patterns, do not fully capture regional onset shifts. cropping intensity clustering proved
robust due to pan-India sampling and lexible labeling, but water seasonality remains sensitive to these variations.
Dynamic seasonal boundaries derived from monsoon onset data (e.g., IMD rainfall records) or precipitation time
series could yield more adaptive outputs.

Temporal Coverage Constraints. Pipeline dependency on Sentinel-1 SAR (post-2017) and Dynamic World
(post-2015) limits maps to 2017–2024. Backcasting SAR/DW-reliant classes requires auxiliary classiiers using
harmonized historical products (Landsat 5/7/8, IRS LISS-III). Forward extension via Landsat-9 and emerging
sensors (e.g., PRSS-1) will enable continuous monitoring.

Validation Data Limitations. cropping intensity assessment sufered from skewed, limited test samples
(primarily Kharif/double cropping), while water seasonality classes lacked precise reference datasets. Compre-
hensive evaluation requires broad-scale, carefully designed ield collection programs incorporating real-time
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or near-real-time validation, with precise class delineation through repetitive seasonal visits combined with
desk-based annotations for available timestamps.
The framework’s modularity facilitates these enhancements, allowing integration of new classiiers, temporal
extensions, and validation datasets while preserving scalability, transferability, and open accessibility. These
directions will strengthen validation, expand thematic resolution, and deepen temporal coverage for robust,
long-term LULC analysis.
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