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Abstract

High-resolution land cover (HRLC) maps are essential for diverse fields, but obtaining
high-quality training data remains a major challenge. To address this, this study pro-
poses an automated framework that integrates existing HRLCs and GeoAl to generate
high-accuracy Land Cover (LC) maps in the Philippines. By fusing existing HRLCs, the
Map of Land Cover Agreement (MOLCA) and the Map of Land Cover Partial Agreement
(MOLCOPA) were generated. MOLCA serves as a benchmark LC map, and MOLCOPA
provides pixel-wise class probabilities. Different strategies effectively integrating GeoAl
approaches with MOLCA and MOLCOPA were implemented. These approaches utilized
Google Satellite Embeddings (GSE), 64-dimensional feature vectors extracted from the
AlphaEarth Foundation Model. Both unsupervised approach (K-Means clustering with
auto-labeling) and semi-supervised classifiers (Random Forest, Support Vector Machine,
and Multi-Layer Perceptron) were evaluated. The semi-supervised approach, specifically
with Multi-Layer Perceptron (MLP), which extracts training samples from MOLCA and
leverages the MOLCOPA priors, emerged as the most robust model. It achieved an
Overall Accuracy (OA) of 80.86% and a Kappa Coefficient of 0.78 on an independent
validation set, demonstrating the significant potential of the proposed framework for land

cover mapping.

Keywords: Land Cover, High-resolution, Earth Observation, Benchmark, GeoAl, Google
Satellite Embedding
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Abstract in lingua italiana

Le mappe di copertura del suolo (Land Cover - LC) ad alta risoluzione (HRLC) sono es-
senziali per svariati settori, tuttavia ’acquisizione di dati di addestramento di alta qualita
rimane una sfida significativa. Per far fronte a tale problema, il presente studio propone un
framework automatizzato che integra le HRLC esistenti e la GeoAl per generare mappe di
copertura del suolo (LC) ad elevata accuratezza nelle Filippine. Tramite la fusione delle
HRLC esistenti, sono state generate la Map of Land Cover Agreement (MOLCA) e la
Map of Land Cover Partial Agreement (MOLCOPA). La MOLCA funge da mappa LC di
riferimento (benchmark), mentre la MOLCOPA fornisce le probabilita di classe a livello
di pixel. Sono state implementate diverse strategie che integrano efficacemente approcci
di GeoAl con MOLCA e MOLCOPA. Tali approcci hanno utilizzato i Google Satellite
Embeddings (GSE), vettori di feature a 64 dimensioni estratti dal Foundation Model Al-
phaEarth. Sono stati valutati sia un approccio non supervisionato (clustering K-Means
con auto-etichettatura) sia classificatori semi-supervisionati (Random Forest, Support
Vector Machine e Multi-Layer Perceptron). L’approccio semi-supervisionato, nello speci-
fico con il Multi-Layer Perceptron (MLP), che estrae i campioni di addestramento dalla
MOLCA e sfrutta le informazioni a priori (priors) della MOLCOPA, ¢ risultato essere
il modello pit robusto. Ha ottenuto un’Accuratezza Complessiva (OA) dell’80,86% e un
Coefficiente Kappa di 0,78 su un set di validazione indipendente, dimostrando il significa-

tivo potenziale del framework proposto per la mappatura della copertura del suolo.

Parole chiave: Copertura del suolo, Alta risoluzione, Osservazione della Terra, Bench-
mark, GeoAl, Google Satellite Embedding
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1 ‘ Introduction

Land cover is the observed (bio)physical cover on the Earth's surface [19]. Land Cover
(LC) maps have various applications in di erent elds, such as hydrological modeling [43],
climate change [20], and disease spread [22], which highlights the importance of LC maps.

Driven by advancements in computational power and the open access to Landsat and Sen-
tinel data, a variety of High-resolution Land Cover (HRLC) products have emerged over
the last decade (e.g., Dynamic World [6], GlobeLand30 [10], GLC_FCS30 [53], FROM-
GLC30 [23], FROM-GLC10 [24], European Space Agency (ESA) WorldCover [49, 50], and
ESRI LULC [30]). Seven mentioned HRLC products were all developed based on Machine
Learning [10, 23, 24, 49, 50, 53] or Deep Learning [6, 30] techniques, which require a high
volume of training data [47]. The collection of high-quality training data remains a major
challenge in HRLC mapping.

Training data are commonly derived from manual visual interpretation, multi-resolution
LC products, or a combination of both [3]. However, both approaches have signi cant
drawbacks. Visual interpretation is a highly time-consuming task, while reusing existing
LC data strongly depends on the reliability of the source maps and possibly introduces
new errors due to legend harmonization issues.

To address this, G. Bratic et al. [3] proposed Map of Land Cover Agreement (MOLCA),

a method that integrates existing HRLC maps to generate a benchmark land cover map
based on unanimous consensus, from which training sample points can be extracted.
However, MOLCA has certain limitations. It has a relatively small spatial coverage.

Considering the limitations of MOLCA, Map of Land Cover Partial Agreement (MOL-
COPA) is proposed in this study. MOLCOPA introduces a probabilistic consensus based
strategy that quanti es the pixel-wise probability for each class. A source-count map
indicating the number of valid source multi-class maps per pixel is also produced with
MOLCOPA, which can provide a con dence level for the MOLCOPA results. MOLCOPA
and the count map can be utilized with various strategies to generate customized land
cover maps with di erent con dence levels and coverages.
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Nevertheless, although MOLCOPA signi cantly improves spatial coverage, achieving a
100% complete land cover map requires GeoAl-based approaches to obtain a complete
LC map.

Traditional EO machine learning models heavily rely on optical spectral bands and vege-
tation indices. Meanwhile, embedding datasets extracted from foundation models, such as
Google Satellite Embedding (GSE) [7], TESSERA [21], and PRESTO [46], are emerging
as a transformative tool in the eld of Earth Observation (EO). GSE [7] stands out due
to its excellent spatial and temporal coverage. They are feature vectors that summarize
relationships across multi-source, multi-modal observations in a less directly interpretable,
but more powerful way [25]. This eliminates the hassle of manual feature selection in land
cover mapping. In this study, various GeoAl-based approaches are employed, including
unsupervised and semi-supervised learning approaches. These approaches e ectively com-
bine the embeddings with the previously generated MOLCA, MOLCOPA and the count
map to produce a complete land cover map.

1.1. Objective

The core objective: Develop an automated and robust framework that leverages multiple
existing HRLC datasets and GeoAl approaches to generate a complete and high-accuracy
land cover map.

The detailed objectives are as follows.

(1) To select and harmonize available HRLC products, and perform fundamental anal-
yses on them.

(2) To generate a benchmark land cover map (MOLCA) utilizing the unanimous con-
sensus rule and quantify its limitations regarding spatial coverage.

(3) To design and implement the probabilistic consensus approach fusing multiple exist-
ing HRLCs to provide pixel-wise class probabilities (MOLCOPA). And to explore
various strategies to derive LC maps, discovering the trade-o between accuracy
and spatial coverage.

(4) To integrate GSE with MOLCA and MOLCOPA, generating a complete LC maps,
followed by an accuracy assessment.
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1.2. Thesis Structure

The remainder of this thesis is structured as follows.

Chapter 2 (Data Preparation) introduces the study area, the used HRLC datasets, the
Google Satellite Embeddings, and an external validation dataset. It also details the legend
harmonization rules and presents some analyses of the input datasets.

Chapter 3 (Methodology) details the theoretical and algorithmic implementations of
the research, including MOLCA, MOLCOPA, the designed Geo-Al based LC mapping
pipelines and the evaluation strategies.

Chapter 4 (Results) presents the outcomes of this study.

Chapter 5 (Conclusion) highlights the key ndings of the research.






2 ‘ Data Preparation

2.1. Study Area

As shown in Figure 2.1, the study area covers the terrestrial territory of the Philippines,
which is an archipelagic country located in Southeast Asia on the western rim of the
Paci ¢ Ocean. It comprises approximately 7,641 islands with a total land area of about
300,000 km?, of which 298,170 kmz is land and 1,830 km?2 is water [8].

Figure 2.1: Study Area
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2.2. HRLC Datasets

To generate maps for di erent years in this study, several High-Resolution Land Cover
(HRLC) datasets were used. HRLC refers to those datasets that have a spatial resolution
of at least 30 meters. Global HRLCs and regional HRLCs that cover the study area can
be considered.

HRLC can be divided into two types: multi-class HRLC and binary HRLC. Multi-class
HRLC refers to an HRLC data set that has a general purpose and classi es the land into
multiple classes. Binary HRLC refers to an HRLC dataset that focuses on a specic eld
such as forest mapping and built-up mapping; typically this type has a binary value for
each pixel on the map.

2.2.1. Multi-class HRLC

In this part, the multi-class HRLC datasets used in this study (as shown in Table 2.1)
are introduced.

Dataset Sensor Algorithm Temporal Spatial
Name Resolution Reso-
lution
Dynamic Sentinel-2 Deep Learning from 2015-06-27 to 10 m
World [6] (FCNN) present
Esri Sentinel-2 Deep Learning (UNet) Annual (2017 2023) 10 m
LULC [30]
FROM- Landsat 8, Sentinel-2 Random Forest 2017 10 m
GLC10 [24]
FROM- Landsat TM/ETM+ MLC/ RF / SVM/ 2010, 2015, 2017 30 m
GLC30 [23] J4.8
GlobeLand30 Landsat TM/ETM+, POK 2000, 2010, 2019, 2025 30 m
[10] HJ-1
GLC_FCS30D Landsat Random Forest Every 5 years 30 m
[53] (1985 1995) &
Annual (2000 2022)
WorldCover Sentinel-1 & 2 Gradient Boosting 2020, 2021 10m
[49, 50] Decision Trees
(CatBoost)

Table 2.1: Multi-class HRLC Datasets

Dynamic World (DW) [6] developed by Google and other partners is the rst near real-
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time product with 10-meter resolution, which is a signi cant advancement for global land
cover mapping. DW uses Google Earth Engine to process Sentinel-2 Level-1C Top-of-
Atmosphere (TOA) images as L2A products are available from 2017 onwards but L1C has
been generated since the beginning of Sentinel-2 project in 2015. Many older global land
cover datasets use yearly image composites to reduce clouds. DW works with a strategy
which enables it to create near real-time (NRT) land use land cover maps. It uses a deep
fully convolutional neural network (FCNN) [44] to make land cover predictions each time
new satellite images arrive. The applied FCNN is 100x smaller than other architectures
used for ground-level camera imagery (e.g., U-net [41] and DeepLab v3 [11]). The model
was trained with a semi-supervised method. The strati ed training dataset included about
24,000 image tiles. Experts and non-experts labeled these tiles across 14 biomes, so that
the dataset can represent the world well. DW also has an important feature: it does not
only give one land cover label for each pixel. Instead, it outputs a probability for each of
nine land cover classes. This helps users see how con dent the model's prediction is and
users can also create a customized land cover map product with the probability maps.
This "soft classi cation" can describe transition areas and mixed pixels better than a
single xed class. In terms of the accuracy, DW was tested using an independent dataset
made by expert consensus. It reached an overall accuracy of 73.8% [6].

The Esri LULC [30] developed by Impact Observatory, Esri and Microsoft provides annual
land cover maps at 10-meter resolution from 2017 2023. This product was derived from
Sentinel-2 L2A surface re ectance corrected imagery and produced with deep learning
models U-Net. The U-Net model was trained using a novel dataset containing over 5
billion human-labeled pixels [30]. In terms of validation, a set of tiles labeled by experts
was considered as a "gold standard" to do the validation. The results indicate that this
product can achieve an overall agreement of 85% across all classes [30].

FROM-GLC30 [23] developed by Tsinghua University is the rst global land cover product

at 30-meter resolution derived from Landsat TM/ETM+ imagery. Before this work, global
mapping was largely restricted to coarse-resolution sensors. They processed thousands
of Landsat scenes using di erent supervised classi ers and compared several algorithms,
including Maximum Likelihood, J4.8 decision trees, Random Forest, and Support Vector
Machines (SVM). The evaluation indicated that SVM and Random Forest performed best
for high-dimensional global mapping [23]. FROM-GLC30 adopts a hierarchical legend
with 10 Level-1 classes. For the accuracy assessment, 38,664 test samples were manually
collected by four image interpreters who did not participate in the collection of training
samples. The result indicated that FROM-GLC30 can achieve the best overall accuracy
of 64.9% with SVM classi er [23].
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FROM-GLC10 [24] developed by Tsinghua University is a global 10 m land cover map for
2017. It was generated by adopting a novel strategy called "sample transfer." Instead of
collecting a new sample set, they applied the samples collected from Landsat 8 images at
30-meter resolution for 2015 to train a Random Forest classi er with Sentinel-2 images at
10-meter resolution for 2017. It means that it was a cross-sensor, cross-resolution, cross-
year sample transfer. The robustness of the classi er was also veri ed by the authors,
less than 1% decrease of overall accuracy of land cover map could be observed when 20%
of training samples were in error or only 40% of training samples were used. In terms of
accuracy, FROM-GLC10 achieved 72.76% which is comparable to 2017 30-m global land
cover map FROM-GLC30 but provides more spatial details [24]. The feasibility of sample
transfer in global land cover mapping was proven [24].

GlobeLand30 (GL30) [10] was developed by the National Geomatics Center of China
(NGCC), which utilized a classi cation system of 10 classes of land cover. A novel strategy
called Pixel-Object-Knowledge (POK) was applied to generate the land cover map. POK
is a hybrid methodology that integrates pixel-based, object-based and knowledge-based
approaches, with the aim of improving reliability [10]. In addition, land cover mapping was
decomposed into a series of per-class extraction with a certain order that starts from water
bodies. For every class, hybrid pixel- and object-based classi cation was performed rst,
and the pixel-based method, the object-based method varies from class to class. After
that, knowledge-based veri cation would be done to further improve the product quality.
"Knowledge-based veri cation" refers to an interactive veri cation procedure, in which
experts employ nature-based, culture-based, and temporal consistency rules to identify
and correct classi cation errors, thereby ensuring the logical consistency and accuracy of
the nal land cover product [10]. For the accuracy assessment, a total of 159,874 pixel
samples were collected across the world. The 2010 baseline product achieved an overall
accuracy of 80.33%, demonstrating the e cacy of the POK strategy [10].

GLC_FCS30D [53] developed by Chinese Academy of Sciences (CAS) is the rst global
ne land cover dynamic product at a 30-meter resolution that adopts Continuous Change
Detection (CCD) [55] which is a classical change-detection method based on dense time-
series observations. A distinguishing feature of GLC_FCS30D is its Fine Classi cation
System (FCS), which includes 35 detailed classes. A key advantage of GLC_FCS30D is
that it provides land cover products from 1985-2022. Before 2000, the update cycle was
every 5 years; after 2000, it is updated annually. Firstly, temporally stable areas were
identi ed by exploiting CCD model and full time series of Landsat observations. The
change-detection mask derived from CCD algorithm and GLC_FCS30-2020 prior dataset
was utilized to generate spatiotemporally stable training samples. Random Forest was
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selected as the classi er to be trained to update the changed areas due to its signi cant

advantages in accommodating high-dimensional training features and excellent accuracy.
In addition, a temporal-consistency optimization was performed to ensure the consistency

of land cover maps. In terms of accuracy assessment, the product was validated with 84526
globally distributed samples from 2020; it achieved an overall accuracy of 80.88% for the
basic classi cation system (10 major land cover classes) [53].

WorldCover [49, 50] developed by European Space Agency (ESA) provides global land-
cover maps at 10 m resolution for 2020 (v100) and 2021 (v200). The product delivers
a discrete land-cover map with 11 classes aligned with Food and Agriculture Organiza-
tion of the United Nations (FAO) Land Cover Classi cation System (LCCS). Additional
quality layers which contain per pixel quality indicators showing the quality of the Earth
Observation (EO) input data are provided to users. Unlike datasets relying solely on
optical imagery, WorldCover leverages the complementary strengths of both Sentinel-2
multi-spectral data and Sentinel-1 C-band Synthetic Aperture Radar (SAR). The classi -
cation work ow processes over 130 spectral-temporal features using the CatBoost gradient
boosting algorithm [15]. In terms of accuracy assessment, the WorldCover product was
validated using an independent validation dataset. The validation results showed that
the overall accuracy of the WorldCover product is 74.4% for 2020 [49, 50].

2.2.2. Binary HRLC Datasets

Besides the above-mentioned Multi-class HRLC datasets, some binary HRLC datasets as
shown in Table 2.2 were used.

The Forest/Non-Forest (FNF) [45] map, developed by the Japan Aerospace Exploration
Agency (JAXA) provides a global representation of forest extent at a 25-meter resolution.
The FNF map is derived from the Phased Array type L-band Synthetic Aperture Radar
(PALSAR) on the Advanced Land Observing Satellite-2 (ALOS-2). In the rst release of
FNF maps in 2010, a threshold-based method was used to determine forest/non-forest for
each year. Average accuracies over the four years (2007 2010) of mapping were 91.25%,
84.86% and 94.81% against di erent reference data [45]. In addition, starting from FNF
Ver.2.0.0, a shift from conventional threshold-based method to Random Forest classi er
adopted on PALSAR-2 data was done to improve the accuracy. Accuracy thus improved
by 5-10 % or more compared to the previous version [29].

GHS-BUILT-S-R2023A [40] provides a global 10-meter resolution representation of total
built-up surface for 2018. The Symbolic Machine Learning (SML) [39] method was used.
A validation dataset by human visual interpretation was created to validate the product.
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Dataset Name Focus Temporal Resolution Spatial

Res.
Forest/Non-Forest Forest Annual (2007 2010, 2015 2024) 25 m
(FNF) V2
GHS-BUILT-S- Built-up 2018 10 m
R2023A
GHS-BUILT-S1 Built-up 2016 20 m
GHS-BUILT- Built-up 1990, 2000, 2014 38 m
LDSMT
Global Forest Cover Forest 2020 10 m
(GFC)
GISD30 Built-up 1985 2020 (5-year intervals) 30m
Global Surface Water Annual (1984 2021) 30m
Water (GSW)
Global Urban Built-up 2011 12m
Footprint (GUF)
GWL_FCS30D Wetland Annual (2000 2022) 30m
NESEA-Ricel0 Cropland Annual (2017 2019) 10 m
Tree canopy cover Forest 2000 30m
World Settlement Built-up 2015, 2019 10 m

Footprint (WSF)

Table 2.2: Binary HRLC Datasets

The results indicate an Intersection over Union (loU) of 0.92 for distinguishing between
built-up and non-built-up [40].

GHS-BUILT-S1 [13] is a global, binary built-up layer developed by the Joint Research
Centre (JRC) of the European Commission for 2016 derived from 5026 scenes of a large
Sentinel-1A GRD collection in 2016. The generation of the product was based on the SML
method. The learning data were extracted from FROM-GLC30 and GHS_BUILT_LDSMT
v.2015. The output of SML provides as a con dence measure the evidence-based normal-
ized di erential index (ENDI). ENDI was then converted into a built-up/non-built-up
mask via a threshold-based method. The Global Urban Footprint (GUF) was selected
as the reference dataset for validation. Detailed results are not provided. The median
Kappa varies in the range 0.25-0.5 [13].

GHS_BUILT_LDSMT v.2017 [13] is a global multi-temporal Landsat-derived built-up
product, a sister product of GHS BU S1, which provides products in 1990, 2000 and 2014.
The learning data were extracted from GlobeLand30 and GHS_BU_S1. The generation
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of the product was also based on the SML method. The same validation strategy as the
GHS_BU_S1's was applied in this case. Detailed results are not provided. The median
Kappa varies in the range 0.25-0.5 which is comparable with GHS BU S1 [13].

The Global Forest Cover (GFC) [17] map developed by the JRC of the European Commis-
sion provides a global representation of forest presence for the year of 2020 at a 10-meter
spatial resolution. GFC 2020 is generated through a synthesis approach that integrates
multiple recent global datasets. The production work ow involves three main steps im-
plemented in Google Earth Engine: rst, determining the global maximum extent of tree
cover; second, applying Boolean exclusion rules to mask out areas outside the forest def-
inition; and third, post-processing. In terms of accuracy, a preliminary assessment using
the IIASA global forest management reference dataset estimated an overall accuracy of
76.6%, with a user accuracy for the forest class of 95.2% [17].

GISD30 [51] developed by CAS is a global 30-m impervious surface dynamic dataset for
1985 2020 derived from time-series Landsat imagery on Google Earth Engine. It used a
novel automated framework that combined automatic sample extraction with temporal
spectral generalization to extract high-con dence samples and constrains mapping with a
2020 maximum impervious extents derived from multiple products. Then, random forest
classi er was trained and spatiotemporal consistency correction was applied to improve
temporal stability. In terms of accuracy assessment, validation with 23,322 time-series
samples reports an overall accuracy of 90.1%, and the product encodes expansion timing
in one band (pervious, pre-1985 impervious, and seven 5-year expansion intervals) [51].

Global Surface Water (GSW) [38] developed by JRC provides a globally consistent 30-m
characterization of surface water distribution for 1984 2015. GSW was derived from all
the archive of Landsat 5 TM, the Landsat 7 ETM+ and the Landsat 8 OLI images. Expert
systems, visual analytics and evidential reasoning were exploited to do the mapping. In
terms of accuracy assessment, validation with 40,124 globally distributed control points
across sensors and years indicates <1% false water detections and <5% missed water
overall [38].

The Global Urban Footprint (GUF) [16] developed by the German Aerospace Center
(DLR) provides a global representation of built-up/non built-up based on the radar satel-

lite imagery of the German satellites TerraSAR-X and TanDEM-X. A novel unsupervised
and fully automated system based on advanced Support Vector Data Description (SVDD),
Urban Footprint Processor (UFP), was proposed to handle more than 180,000 SAR images
acquired between 2010 and 2013. In terms of accuracy assessment, the result indicates an
overall accuracy of 86.6% [16].
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GWL_FCS30D [52] developed by CAS provides the rst global 30-m annual wetland
maps with a ne classi cation system for 2000 2022, generated from time-series Landsat
imagery on the Google Earth Engine platform. A random forest classi er was trained
on a globally distributed training sample pool generated from more than 10 wetland-
related products. In terms of accuracy assessment, a total of 22719 globally distributed
validation points were collected for 2020, including 10952 non-wetland points and 11767
wetland points. The result indicates an overall accuracy of 86.95% [52]. Two third-
party time-series validation datasets, Land Cover Monitoring Assessment and Projection
(LCMAP) from the United States and Land Use/Cover Area frame Survey (LUCAS)
from the European Union were used to analyze the accuracy variation during 2000 2018
. The mean Producer Accuracy(PA) and User Accuracy (UA) for LCMAP and LUCAS
are 78.32% and 93.52%, and 89.95% and 86.32% respectively [52].

NESEA-Ricel0 [27] developed by Beijing Normal University (BNU) provides 10-meter
annual paddy rice maps for Northeast and Southeast Asia from 2017 to 2019 based on
time-series Sentinel-1 SAR and MODIS observations. Paddy rice is identi ed using a rule-
based phenology approach centered on the transplanting-stage ooding signal. Validation
relies on consistency checks against subnational agricultural statistics and existing rice
products, reporting R2 = 0.80 0.97 versus o cial statistics [27].

Tree canopy cover [28] developed by Hansen/UMD/ Google/lUSGS/NASA provides 30-
meter resolution global maps of tree cover extent for 2000 using Landsat observations.
Detailed methodology and accuracy assessment are not provided.

The World Settlement Footprint(WSF) [34, 35] developed by the DLR is a 10-meter reso-
lution binary mask outlining the extent of human settlements globally. For the generation

of WSF2015 [34], 2014 2015 Sentinel-1 SAR and Landsat-8 observations were utilized to
train a RBF-SVM classi er. In terms of accuracy assessment, A large-scale validation
based on about 900,000 crowdsourced photo-interpretation labels from Google Earth im-
ages shows that WSF2015 achieved an overall accuracy of 86% [34]. For the generation
of WSF2019, 6 features of Sentinel-1 images and 25 features of Sentinel-2 images were
utilized to train a random forest classi er. To assess the accuracy and reliability of the
WSF2019 [35], two independent crowd-sourcing-based validation exercises have been car-
ried out. Nevertheless, the details of accuracy of WSF2019 are not provided now.

2.3. Google Satellite Embedding

Google Satellite Embedding is a global collection of learned geospatial embedding which
was produced by AlphaEarth Foundations (AEF) [7].
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AEF is a geospatial embedding model trained on a variety of Earth observation (EO)
datasets (e.g. optical satellite images, radar, 3D laser mapping and climate simulations).
Instead of focusing on a particular task, the AEF model seeks to learn transferable,
general-purpose representations of the Earth's surface. The AEF introduces a founda-
tion geospatial embedding eld model designed to address the critical challenge of sparse
high-quality labels [7]. Evaluation in realistic data-scarce scenarios was conducted by
comparing the performance with other baseline models using pruned existing datasets.
It was reported that AEF consistently outperforms designed and learned featurization
approaches in relatively sparse data regimes [7].

Global annual embedding- eld layers (Google Satellite Embedding) which have 64 dimen-

sions at a 10-meter resolution for 2017 2024 are released on Google Earth Engine (GEE)
now. Additionally, the embedding product is ready-to-use, which means no preprocessing
of this product will be needed. Nevertheless, it is impossible to explain the meaning of

each dimension because the 64 dimensions are learned by a deep learning model.

2.4. External Validation Datasets

In this study, an external validation dataset was used to improve the reliability of the
validation results since self-established validation set can be biased.

SRS val SRS val is a novel strati ed random sampling GLC validation dataset cre-

ated by T.Zhao et al. (2023) [54] to assess the accuracies of 6 existing HRLCs. SRS _val
contains 79,112 globally distributed samples for the year 2020. SRS_val is designed using
a strati ed equal-area random sampling scheme that explicitly increases sampling density

in heterogeneous landscapes and rare land cover classes. In addition, the samples were
labeled by manual interpretation with quality control.

2.5. Data Acquisition

The data providers and corresponding access portals for all evaluated land cover products
are detailed in Table 2.3. With the exception of the Global Urban Footprint (GUF), all
datasets were acquired through publicly accessible open-source repositories. The GUF
dataset was speci cally obtained via a private data-sharing link provided by the German
Aerospace Center (DLR) team.

The following are the preprocessing procedures for all the implementations in this study.

All the multi-class HRLC products were downloaded to cover the whole study area.
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For the Dynamic World dataset, annual composites were generated by calculating the
mode value from all available maps within a given year. The Dynamic World 2015 com-
posite was derived using data from June 27, 2015, to June 30, 2016. This extended
timeframe was necessary to compensate for the poor coverage in 2015, as the Dynamic
World dataset only became available on June 27, 2015.

GLC_FCS30D was previously extracted from the provided multi-band product in which
every band represents a land cover map for a single year.

Esri LULC was provided in the Universal Transverse Mercator (UTM) projection system
and the fragments belong to di erent UTM zones. The fragments from Esri LULC were
reprojected to World Geodetic System 84 (EPSG:4326) maintaining the equivalent spatial
resolution of the originals to facilitate analysis and accelerate the generation of products.

GHS-BUILT-S1 2016 and GHS-BUILT-LDSMT 2014 were provided on a global scale.
Therefore, they were clipped to the extent of the study area.

The metadata of "NoData" was updated with the correct value since some producers did
not Il the "NoData" metadata (e.g., GlobeLand30).
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Dataset Name Provider Access
Point
Multi-class HRLC Datasets
Dynamic World Google / World Resources Institute Link
Esri LULC Esri / Microsoft / Impact Observatory  Link
FROM-GLC10 Tsinghua University Link
FROM-GLC30 Tsinghua University Link
GlobeLand30 NGCC Link
GLC_FCS30D CAS Link
WorldCover ESA Link
Binary HRLC Datasets
Forest/Non-Forest JAXA Link
GHS-BUILT-S-R2023A JRC Link
GHS-BUILT-S1 JRC Link
GHS-BUILT-LDSMT JRC Link
Global Forest Cover JRC Link
GISD30 CAS Link
Global Surface Water JRC Link
Global Urban Footprint DLR Link
GWL_FCS30D CAS Link
NESEA-Ricel0 BNU Link
Tree canopy cover Hansen/UMD/ Google/lUSGS/NASA Link
WSF DLR Link
Google Satellite Embedding Google Link
External Validation Datasets
SRS _val CAS Link

Note: All websites provided in the Access Point column were last accessed on January 29, 2026.

Table 2.3: Accessibility of Datasets
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2.6. Legend Harmonization

Legend harmonization means matching those legends that have almost identical meaning.
To overcome the limitations of compatibility and comparability among all the products
provided by di erent institutes, legend harmonization for the classi cation systems is a
necessity. The legend harmonization in this study was done with reference to the CCI
HRLC legend correspondence document (Q. Xu, Personal Communication, January 29,
2026). The legend matching was performed based on the de nitions of each class of all
the HRLC datasets.

First, the class names and descriptions of all the used HRLC datasets were collected.
Subsequently, a preliminary matching between the target classes and source classes was
manually done based on the descriptions of each class; the classes that cannot be mapped
to the target classes were discarded and marked as "not used.”" Then, domain experts
reviewed the preliminary correspondence, identifying potential mistakes. Discrepancies
identi ed during the review were resolved to nalize the harmonization rules.

The correspondence between the legend of the land cover classi cation system used in this
study, namely MOLCA legend [3] and FAO LCCS [19] is shown in Table 2.4. FAO LCCS
de nes land cover classes with a string of classi ers (Presence/Absence of Vegetation,
Edaphic Condition, and Arti ciality of Cover).

Table 2.5 shows the detailed rule of the legend harmonization in this study. Figure 2.2
illustrates the mapping relationship between di erent source datasets and the MOLCA
legend system. This matrix visually demonstrates into which MOLCA classes each HRLC
product and validation dataset are reclassi ed.
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MOLCA MOLCA LCCS Presence Edaphic Arti ciality
Code Class Code of Vegetation Condition of Cover
8 Cropland All Primarily Terrestrial Arti cial/managed
vegetated
20 Forest All, A12 Primarily Terrestrial (Semi-)Natural,
vegetated and Arti -
cial/Managed
7 Grassland All, A12 Primarily Terrestrial (Semi-)Natural,
vegetated and Arti -
cial/Managed
5 Shrubland All, A12 Primarily Terrestrial (Semi-)Natural,
vegetated and Arti -
cial/Managed
9 Wetland A23, A24 Primarily Aquatic or (Semi-)Natural,
vegetated Regularly and Arti -
Flooded cial/Managed
13 Built-up B15 Primarily Terrestrial Arti cial/Managed
non-vegetated
12 Bareland B16 Primarily Terrestrial (Semi-)Natural
non-vegetated
16 Permanent ice B27, B28 Primarily Aquatic or (Semi-)Natural,
and snow non-vegetated Regularly and Arti -
Flooded cial/Managed
15 Water B27, B28 Primarily Aquatic or (Semi-)Natural,
non-vegetated Regularly and Arti -
Flooded cial/Managed

Table 2.4: Mapping

of MOLCA Classes to FAO LCCS
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Table 2.5: Legend Harmonization between MOLCA and Existing Datasets

Dataset Forest Shrubland Grassland Cropland Wetland Lichens/Moss Bareland Built-up ~ Water Ice/Snow Not Used

Multi-class Datasets

GLC_FCS30D 52, 62, 72,82 120122 130 10, 11, 20 181187 140 200 202, 190 210 220 12, 51, 61, 71, 81, 91, 92
150, 152, 153
Dynamic World 1 - 2 4 3 - 7 - 0 8 56
LULC Annual v2 2 - - 5 4 - 8 7 1 9 10, 11
WorldCover 10 - 30 40 90, 95 100 60 50 80 70 20
GlobelLand30 20 - 30 - 50 70 90 80 60 100 10, 40
FROM-GLC10 2017 20 40 30 10 50 - 90 80 60 100 70
FROM-GLC30 15/17 2 4 3 1 5 - 9 8 6 10 7
FROM-GLC30 2010 21, 22 40 3032 10, 11, 50, 51 - 52, 90 93, 80 82, 6064 100102 20, 23, 24,7072, 95
13, 94 96 12

Binary Datasets
GISD30 - - - - - - - 1 (<1985); - - 0

1,2 ('85-'90);

1:::3 ('90-'95);

1:::4 ('95-'00);

1:::5 ('00-'05);

1:::6 ('05-'10);

1:::7 ('10-'15);

1:::8 ('15-'20)
WSF - - - - - - - 255 - - 0
GUF - - - - - - - 255 - - 0
GHS-BUILT-S - - - - - - - [50, 100] - - [0, 50)
GHS-BU-S1 - - - - - - - 1 - - -
GHS-BU-LDSMT - - - - - - - 101 - - 1
GSW - - - - - - - - 2,3 - 1
GWL_FCS30D - - - - 181187 - - - 180 - 0
GFC 1 - - - - - - - - - 0
Tree Canopy [50, 100] - - - - - - - - - [0, 50)
FNF3 1 - - - - - - - 3 - 2
FNF4 1,2 - - - - - - - 4 - 3
NESEA-Ricel0 - - - 1 - - - - - - -
Validation Datasets
SRS_val 50, 60, 70, 80 120 130 10, 20 180 140 200 190 210 220 90
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Figure 2.2: Mapping Matrix of Legend Harmonization

2.7. Ciritical Analysis

Although the aforementioned global land cover products and validation datasets provide
global coverage, their consistency and mapping accuracy vary signi cantly across di erent
parts of the Earth. Considering the products generated in this study highly rely on
the quality of the existing HRLC products, some critical analyses were conducted to
understand the global and local consistency of HRLC products and validation datasets.
The following section presents a localized data analysis, examining the spatial distribution
of the external validation dataset and performing a comparative accuracy assessment of
the existing LC maps.
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2.7.1. Distribution of External Validation Datasets

Given that the external validation dataset SRS _val is provided on a global scale, it
was necessary to assess the suitability for the study area. The spatial and class count
distributions of it were analyzed to ensure the dataset could provide e ective validation.

SRS val SRS val was provided in .csv format with the information of latitude, lon-
gitude, and class label. The latitude and longitude were treated as referenced to WGS
84 datum in this study. The sample points were previously clipped to the boundary of
the study area. Subsequently, the sample points were relabeled according to the legend
harmonization rules shown in Table 2.5 to ensure consistency.

Figure 2.3 and Figure 2.4 show the class count distribution the spatial distribution of
SRS val.

A total of 372 validation sample points are widely distributed across the study area.
Nevertheless, the dataset shows an imbalance of classes. Classes "Permanent ice and
snow" and "Lichen and Mosses" do not appear in the study area due to actual situation,
thus 8 classes exist in the study area. The "Forest" class is the most prevalent, containing
213 samples, which is signi cantly higher than any other class. The classes with the
lowest representation are "Built-up” (7 samples), "Wetland" (7 samples), and "Bareland"

(2 samples).

Figure 2.3: Class Count Distribution of SRS_val
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Figure 2.4: Spatial Distribution of SRS_val

2.7.2. Analysis on Multi-class HRLCs

This section includes the statistical analysis of the multi-class HRLC dataset and the
accuracy assessment with SRS _val. The year 2019 was selected as the baseline year
because it is one of the target years in this study and all multi-class HRLC datasets
are available for the year. Since some products are not available for the year 2019, the
products with the closest baseline year were used as alternatives.

Datasets to be analyzed: Dynamic World 2019, Esri LULC 2019, FROM-GLC10 2017,
FROM-GLC30 2017, GLC_FCS30D 2019, GlobeLand30 2019, WorldCover 2020.

The HRLC datasets were obtained and preprocessed as described in Section 2.5. Since
the HRLC datasets were typically provided in fragments, fragments belonging to the same
datasets were merged. To make the pixel counts comparison more intuitive, HRLCs at
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10-meter and 30-meter resolution were further resampled with reference to FROM-GLC10
and GLC_FCS30D respectively.

2.7.2.1. Statistical Analysis

Conducting a statistical analysis of HRLC class distribution is essential for several reasons:
it provides a comprehensive overview of land cover composition to inform experimental
design, enables cross-dataset comparisons, and signi cantly enhances the interpretability
of the results of experiments in this study.

Class distribution of each HRLC map was calculated individually, then they are mapped
according to the abovementioned legend harmonization rules. The "Not Used" (pixels
that can not be mapped to any MOLCA code) and "No Data" pixels were also included
in the statistics to make the percentage more intuitive, ensuring that the derived percent-
ages accurately re ect the entire geographical extent of the datasets rather than just the
mapped areas.

Figure 2.5 shows an intuitive comparison of land cover distribution of di erent multi-
class HRLC products. And Tables 2.6 and 2.7 provide the pixel counts and percentage
distributions for each class and dataset.

It can be easily observed that "Forest" is the predominant class followed by "Cropland,”
"Grassland" and "Water," which can be de ned as "major classes." Other classes can
be de ned as "minor classes.”" The class "Lichens and Mosses" does not appear on any
of the HRLC maps. Similarly, the class "Permanent ice and snow" only appears on two
HRLC maps with a very small proportion. Therefore, these two classes can be considered
practically non-existent.
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Figure 2.5: Class Distribution for each Dataset
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Class Dynamic World FROM-GLC10 LULC WorldCover FROM-GLC30 GL30 GLC_FCS30D
Bareland 9,583,203 6,885,364 5,189,031 27,959,500 303,346 269,047 736,569
Built-up 0 28,111,789 136,862,317 34,793,241 3,168,306 4,252,219 6,205,759
Cropland 288,454,619 632,059,433 498,164,808 325,334,403 77,124,656 0 105,400,216
Forest 2,091,707,981 1,900,037,807 1,849,496,465 2,226,879,480 196,999,288 213,210,249 201,864,071
Grassland 131,295,516 268,566,983 0 217,810,713 28,524,732 19,984,776 1,138
Permanent ice/snow 873,407 0 138 0 0 0 0
Shrubland 0 29,395,852 0 0 11,906,126 0 708,368
Water 138,497,962 125,777,845 135,880,931 122,708,223 13,611,027 4,945,959 11,593,897
Wetland 17,219,893 1,946,693 11,082,175 35,725,153 840,915 2,478,906 5,597,033
NoData 32,614,528 0 76 0 53,093 11,262,882 6,118
Not Used 282,534,657 0 356,105,716 1,570,944 0 76,127,451 418,320
Total Pixels 2,992,781,766  2,992,781,766 2,992,781,657 2,992,781,657 332,531,489 332,531,489 332,531,489

Table 2.6: Pixel Count Distribution by Class

Class Dynamic World FROM-GLC10 LULC WorldCover FROM-GLC30 GL30 GLC_FCS30D
Bareland 0.3% 0.2% 0.2% 0.9% 0.1% 0.1% 0.2%
Built-up 0.0% 0.9% 4.6% 1.2% 1.0% 1.3% 1.9%
Cropland 9.6% 21.1% 16.6% 10.9% 23.2% 0.0% 31.7%
Forest 69.9% 63.5% 61.8% 74.4% 590.2% 64.1% 60.7%
Grassland 4.4% 9.0% 0.0% 7.3% 8.6% 6.0% <0.1%
Permanent ice/snow <0.1% 0.0% <0.1% 0.0% 0.0% 0.0% 0.0%
Shrubland 0.0% 1.0% 0.0% 0.0% 3.6% 0.0% 0.2%
Water 4.6% 42% 4.5% 4.1% 41% 1.5% 3.5%
Wetland 0.6% 0.1% 0.4% 1.2% 0.3% 0.7% 1.7%
NoData 1.1% 0.0% <0.1% 0.0% <0.1% 3.4% <0.1%
Not Used 9.4% 0.0% 11.9% 0.1% 0.0% 22.9% 0.1%

Table 2.7: Percentage Distribution by Class

2.7.2.2. Accuracy Assessment

In order to have an overview of all the multi-class HRLC datasets and to understand
whether they are suitable enough to be used in the study area, the accuracy assessment
on seven HRLC datasets were conducted before entering the generation phase. The as-
sessment also enables inter-comparison between the existing land cover maps and the land
cover maps generated in this study.

Previous study by T.Zhao et al. (2023) [54] used a created validation dataset (SRS _val) to
assess the global and regional accuracy and consistency of six multi-class HRLC products
which include 5 out of 7 multi-class HRLC products used in this study except for Dynamic
World and GLC_FCS30D. The samples distributed in the study area were selected to
assess the accuracy for the year 2019 which is one of the target years in this study and
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close to the baseline year of SRS _val (2020). All seven abovementioned HRLC products
for 2019 were assessed with SRS_val to have a comprehensive understanding.

Figure 2.6 shows the ow of the accuracy assessment.

The validation samples were clipped to the boundary of the study area and reclassi ed ac-
cording to the legend harmonization rules. The coordinate transformation for the sample
points would be performed if the CRS of the assessed HRLC map was detected di erent
from WGS84 (EPSG:4326) since the provided coordinates of the sample points are treated
as referenced to WGS84 datum. Points from the HRLC maps were sampled according to
the validation points' coordinates and the corresponding class codes of the points were
mapped according to the legend harmonization rule. If the sample points from HRLC
represents NoData or the class code could not be mapped, the points would be considered
invalid. Then invalid sample points were removed. In the end, the confusion matrices
were built and the metrics were computed.

As shown in Table 2.8, the Overall Accuracies (O.A.) of six HRLC datasets were evaluated
against the SRS_val within the study area and compared with their reported global and
Asian regional accuracies. Esri LULC achieved the highest accuracy in the study area
at 83.39%, signi cantly outperforming its reported global (58.9%) and Asian (59.61%)
validation scores.

Nevertheless, the recall and precision for each class as shown in Table 2.9 reveal the O.A.
should be interpreted with caution. The O.A. is primarily driven by the product's robust
performance in "Forest" and "Water," which constitute a signi cant portion of the study
area. Conversely, the poor performance can be seen in "Shrubland" and "Bareland."
Across all 7 HRLC products, the precision and recall for both classes are zero except for
"Shrubland" of From-GLC30 2017, which probably results from the lack of samples in
the study area or the quality issue of samples for speci c classes.

In conclusion, the multi-class HRLC datasets shows high consistency of overall accuracy
on di erent scales. The overall accuracy in the study area is always close to the claimed
one. The result also re ects the excellent validity of SRS_val in the study area. Therefore,
all HRLC datasets are considered valid in this study. But obviously, all of them are not
competent enough to be a benchmark land cover map.



26

2| Data Preparation

Figure 2.6: Flow of Accuracy Assessment

HRLC Dataset Claimed SRS _val O.A. SRS_'vaI O.A. SRS _val O.A.
O.A. (Global) [54] (Asia) [54] (Study Area)

Dynamic World 73.80% 76.95%

Esri LULC 85.00% 58.90% 59.61% 83.39%
FROM-GLC10 72.76% 68.98% 73.59% 69.62%
FROM-GLC30 64.90% 66.30% 69.24% 72.85%
GLC_FCS30D 80.88% 75.54%

GlobelLand30 80.33% 69.96% 75.10% 76.26%
WorldCover 74.40% 70.54% 66.80% 73.39%

Table 2.8: Comparison of Overall Accuracy (O.A.) for HRLC Datasets

Class FROM-GLC10 FROM-GLC30 Dynamic World GL30 GLC_FCS30D Esri LULC WorldCover
Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec.

Shrubland  0.00 0.00 0.27 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Grassland  0.32 0.40 0.30 0.30 0.39 0.41 040 042 0.00 0.00 0.00 0.00 0.39 0.40
Cropland 0.52 0.56 0.55 0.71 0.92 0.52 0.00 0.00 0.54 0.90 087 077 085 045
Wetland 0.00 0.00 0.00 0.00 0.00 0.00 050 0.33 0.60 0.86 0.00 000 025 0.14
Bareland 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Built-up 1.00 0.29 1.00 0.43 0.00 0.00 0.67 0.67 0.67 0.57 047 100 1.00 0.57
Water 0.77 1.00 0.71 1.00 0.74 1.00 0.33 100 0.89 0.94 0.74 100 0.77 1.00
Forest 0.82 0.88 0.91 0.87 0.79 0.97 081 094 0.88 0.89 086 097 0.76 0.97

Table 2.9: Comparison of Precision and Recall for Di erent Land Cover Products
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3.1. Overview

Figure 3.1 illustrates the overall work ow of this study, which can be divided mainly into
three phases.

The initial phase focused on downloading and harmonizing the input datasets. It in-
volved the existing Multi-class HRLC Maps and Binary HRLC Maps. A critical step in
this phase was legend harmonization as illustrated in Section 2.6, in which the various
classi cation schemes of the input maps were harmonized into a common target legend
to ensure interoperability.

The second phase was the generation of the Map of Land Cover Agreement (MOLCA) and
Map of Land Cover Partial Agreement (MOLCOPA) with input datasets. MOLCA was
generated on the basis of a unanimous consensus approach, which led to some limitations.
Thus, a probabilistic consensus approach was proposed, which produced MOLCOPA, a
count map and various land cover maps. Additionally, MOLCA can also be converted
from MOLCOPA and the count map.

Land cover maps with constrained coverage were produced with MOLCA and MOLCOPA.
MOLCA can be regarded as a benchmark land cover map and MOLCOPA can provide
extra information. The release of Google Satellite Embedding also enables the GeoAl-
based land cover mapping.

In the third phase, land cover mapping was realized by combining GeoAl-based meth-
ods. The GeoAl-based methods fuse Google Satellite Embeddings with the consensus
information from MOLCA and MOLCOPA. Thus, a complete land cover map could be
produced.

In addition, evaluations were performed on the generated products in this study.
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Figure 3.1: Overall Work ow

3| Methodology
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3.2. Introduction to Techniques

In this section, a brief introduction to the techniques used in this study is included.

3.2.1. Tiling System

The tiling system used in this study is identical to the tiling system of Sentinel-2 products,
namely a slightly modi ed U.S. Military Grid Reference System (MGRS) [36].

The U.S. Military Grid Reference System [26] was designed for use with Universal Trans-
verse Mercator (UTM) and Universal Polar Stereographic (UPS) grids. The world is
generally divided into 6° by 8° geographic areas, each of which is given a unique identi -
cation, called the Grid Zone Designation (GZD). The GZD is subdivided into a collection
of 100-km squares. Each square is identi ed by two letters, called the 100-km square
identi cation, which is unique within the area covered by the GZD.

The tiling system used for Sentinel-2 products is a modi ed version of MGRS. The tiling
grid consists of MGRS squares expanded from 100 km O 100 km to 109.8 km O 109.8
km [1].

The le of the tiling system was obtained from SentiWiki (Last Accessed 27 January 2026).
Although the Sentinel-2 User Handbook [18] claims that the tile size is 100 km O 100 km,
the le proves that the size is 109.8 km O 109.8 km as reported by B. Bauer-Marschallinger
et al. (2023) [1] and National Aeronautics and Space Administration (NASA) [36].

The provided le was in Keyhole Markup Language (KML) format and was converted
to a GeoPackage (GPKG) le by extracting the embedded geometry information. In
addition, the corresponding UTM zones of the tiles were also extracted. Subsequently,
the tiles were also rasterized at 10-m and 30-m resolution with their corresponding UTM
projection. Then they were reprojected to the target coordinate reference system World
Geodetic System 1984 (EPSG: 4326), thus maintaining the equivalent spatial resolution
for the convenience of generating products later.

Figure 3.2 shows the tiling grid used in this study. It was manually selected to cover the
whole study area, which consists of 105 tiles in total.
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