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Abstract

Satellite-based land cover maps fail to distinguish between
natural forests and planted trees when certifying agricul-
tural plantations as deforestation-free, a critical need for
smallholder farmers facing emerging legislation around
sustainable supply chains (such as the European Union De-
forestation Regulation). Previous efforts to map tree plan-
tations exclude smallholder farms, which require intra-field
detail about individual tree crowns that can only be ob-
served in costly, very-high resolution (VHR, ≤1m) satel-
lite imagery, and limit scalability. To provide a replicable
benchmark for mapping tree crop plantations, we introduce
a novel earth observations dataset of hierarchically-labeled
plantation and forest locations across the African continent.
We compile for these points a unique feature set combining
a VHR satellite-derived canopy height product and open-
source multispectral and synthetic aperture radar data, to
fuse high spatial resolution with multitemporal, multiscale,
and multimodal features. Our dataset has continental cov-
erage for Africa’s plantation-growing nations across a di-
verse range of climate zones, with more delineation for
species and geographical region than any other related tree
dataset. Samples are structured with different domains to
account for real-world distribution shifts to study the in-
terplay of domain generalization with various feature at-
tributes of remotely sensed data. We test how pre-trained
models can perform on the task of tree plantation mapping,
and benchmark performance at scale and across different
distributions.

1. Introduction

The 2023 European Union Regulation on Deforestation-
Free Products (EUDR) imposes sustainability mandates on
$110 billion of global trade across 7 of the world’s key
commodities, with several other agricultural products under
consideration for later updates to the policy [17]. EUDR

imposes one key constraint for imported commodities: they
must be certified ”deforestation-free”. Following a few key
definitions, deforestation-free means that

the relevant products contain, have been fed
with or have been made using, relevant commodi-
ties that were produced on land that has not been
subject to deforestation after 31 December, 2020,

where deforestation includes conversion of forest land to
“agricultural plantations.” Here, we use the term tree plan-
tations interchangeably with agricultural plantations along
the same EU criteria: where ”agricultural plantation” means

land with tree stands in agricultural produc-
tion systems, such as fruit tree plantations, oil
palm plantations, olive orchards and agroforestry
systems where crops are grown under tree cover;
it includes all plantations of relevant commodities
other than wood [17].

Tree plantations, colloquially defined as areas in which
trees were planted by humans, are differentiated from
forests by economic function and the central role of hu-
man management. They are a vital tool for sustainable de-
velopment [25, 34, 35, 41, 51] due to the economic value
they bring to smallholder (<2ha) farmers, who comprise as
much as 70% of Africa’s population [9]. Tree plantations
are also a major driver of deforestation, accounting for as
much as 37% of forest loss in national-scale protected areas
[26] and 7% of all deforestation in Africa [31]. However,
there is a critical impediment to understanding the com-
plex interplay between tree plantations and deforestation:
existing global land cover and land use maps fail to differ-
entiate between various types of tree cover. As a conse-
quence, tree plantations existing since 2020 (the base year)
may nonetheless be flagged as a deforested plot if misclas-
sified in the base year, or if change detection methods flag
management practices such as thinning or re-planting. Cur-
rent compliance efforts rely on existing maps like Hansen
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et al. [23]’s Global Forest Change map, which have been
criticized for their failure to capture plantations as a distinct
form of land use and land cover [49], as well as inconsisten-
cies for small patches <2ha [33]. While more institutional
farmers are able to hire consultants to help with certifica-
tion, smallholder farmers do not have the resources to reg-
ister their farms and their continued inclusion in the global
markets may depend on the availability of open-source cer-
tification tools. These smallholders are most vulnerable
to the administrative costs of compliance [8]. Equitable,
scalable enforcement of emerging policies like the EUDR
requires globally consistent, accurate mapping of planta-
tion cover in the base year. We introduce PlantationBench
to support these urgent smallholder plantation mapping ef-
forts; most recently, officials postponed enforcement of the
EUDR due to the complexity of plantation certification.

While the task of plantation mapping is deeply valuable
in sustainability and environmental policy applications, it
is also an interesting challenge for the computer vision do-
main. In particular, the question of domain generalization
has motivated other real-world image datasets [6, 28], and it
is especially important for understanding the complexity of
generalization when using multiple remote sensing modal-
ities. Remote sensing data deployed at large spatial scale
are vulnerable to changes across space, due to many real-
world shifts such as climate, aridity, and land use, all of
which make training continental or global models difficult
[11]. In addition, learning multiscale features within and
across multimodal sources of data is a prominent challenge
to benchmark for emerging models [20, 42]. We present
PlantationBench as a grounded benchmark task that can be
used to evaluate how well existing foundation models can
perform on real tasks involving complex multimodal, mul-
tiscale inputs that differ in feature processing compared to
the conventional training sets for earth observation founda-
tion models. Subclass labels for tree plantation crop type
unlock additional value as a relevant challenge in hierarchi-
cal multi-label classification. This task has been increas-
ing in interest [30, 55, 60], with excitement about methods
ranging from visual understanding and consistency [2] to
CLIP-based hierarchical text-based (label) metadata [43].

In summary, with PlantationBench, we make these con-
tributions:
• We develop pipeline scripts for combining known tree

plantation locations with multiple streams of remote sens-
ing data, to generate a lightweight yet large-scale dataset
with curated features for agricultural plantation identifica-
tion. This processing pipeline enables inference and clas-
sification of farmers’ land based on only geo-coordinates
as input.

• We introduce the PlantationBench dataset, upon which
models can be trained and evaluated, to contribute
directly to certifying smallholder tree plantations as

deforestation-free for policies like the EUDR.
• We demonstrate that diverse coverage of crop type and

geography benefit model generalization, and that both
multimodal and multiscale data bring complementary im-
provement.

2. Related Work

2.1. Land cover mapping

Concerted efforts have been made to map natural forest land
cover, because forests are recognized for their high envi-
ronmental value. Most existing land cover maps include a
”forest” class, typically based on the biophysical definition
that forests meet ≥10% tree cover threshold on at least .5 ha
contiguously. This parallels the FAO definition, but does not
capture the land use element of agricultural plantations. For
example, Shimada et al. [46] use synthetic aperture radar
(SAR) to generate an explicit forest/non-forest map (PAL-
SAR FNF), but note that various types of plantation cover
are included in the forest category, as computed metrics
based on the HV-polarization band from SAR fail to distin-
guish between plantation and forest. The focus of PALSAR
FNF is not on trees, however, so this is reasonable. Simi-
larly, the well-established Global Land Cover and Land Use
Change dataset, which is a leading reference for mapping
both tree cover and agricultural use, does not have separate
provisions to categorize tree plantations as agricultural land
cover [40]. Meanwhile, the Hansen Global Forest Change
(GFC) dataset, which establishes forest loss and deforesta-
tion at global scale using Landsat data, also sticks strictly
to defining forest area by tree cover density, canopy height,
and contiguous area [23]. Even patches which do not fit
the biophysical criteria outlined in Hansen et al. [23], such
as pineapple plantations shorter than the minimum height
threshold, get classified as forest by GFC [49]. In sum, none
of the existing global, multi-crop products are capable of
mapping plantation separately from forest. Tab. 1 identifies
the key global tree-mapping products and their provisions
to address plantation cover as a distinct class from forest.

Emerging satellite-based mapping of specific crops, such
as oil palm, for individual nations or regions have achieved
success [15], but there are major discrepancies across re-
gions. Efforts to map at geographical scale introduce com-
plex distribution shifts in data, where for new locations,
model performance degrades and transfer learning is dif-
ficult [6, 28, 59]. One large-scale dataset addressing the
challenge of mapping at geographical scale focuses on clas-
sifying timber plantation forests [39], which is a distinct
but complementary task to mapping agricultural tree planta-
tions, which produce a non-timber crop. Pazos-Outón et al.
[39] point out the need for multiscale, multimodal, and mul-
titemporal data sources for global or continental mapping.

Besides satellite-based mapping approaches, large-scale
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surveys have also been undertaken to account for trees, typ-
ically at a national scale. Within national forest inventories,
inconsistent definitions, data quality, and infrequent updates
may also result in inaccurate maps. For example, official
reports of cocoa plantation cover in Ghana were shown to
underestimate areas with planted trees by 40% [26].

2.2. Agricultural tree plantation mapping

The first global-scale attempt to map tree plantations sepa-
rately from natural forest was compiled in 2015 as the Spa-
tial Database of Planted Trees (SDPT). It was estimated that
tree crops cover at least 50 million ha, while timber plan-
tations span 170 million ha, 4% of global forest cover [57].
However, the SDPT is incomplete in coverage. It only maps
a subset of countries which are known to have high levels of
plantation forest, and its combination of methods (manual
polygon delineation, random forest-based surprised classi-
fication, and mixed methods) are cumbersome, difficult to
scale, and somewhat disaggregated based on national-level
datasets. It is difficult and time-consuming to update such a
reference map. SDPTv2.0, an updated version of SDPT was
released in 2024 attempting to improve the coverage and re-
cency of source data [44]. It includes several more countries
in sub-Saharan Africa. However, the data sources they ag-
gregate remain outdated, even for countries that are newly
added, with many sources dating back as far as 2013. Due
to resource and method limitations, SDPTv2.0 still fails to
achieve a spatially and temporally consistent map of tree
plantations. This renders the map far less useful for appli-
cations such as tree crop traceability, which requires knowl-
edge of plantation status at a specific time frame.

The United Nations’ Food and Agriculture Organiza-
tion collects country-level data about tree crop production,
but these may face severe under-reporting, and production
statistics are too variable to estimate planted area from har-
vest quantity. Interest in specific crops has led to the cre-
ation of single-crop maps, such as for oil palm [15], coconut
palm [16], cocoa [26], and cashew [58]. These crop-specific
maps have leveraged a variety of linear and deep learning
methods to predict plantation cover from both tabular and
image satellite features, with different strategies for sum-
marizing multitemporal and multispectral features. How-
ever, agricultural tree plantations are highly spectrally di-
verse across different species types, geographies, and plan-
tation conditions, which makes a model trained for any
given geography or given species difficult to transfer. For
the single-crop or single-country mapping tasks, accuracies
range from 75%-90% [15, 16, 26, 58]. This shows that plan-
tation mapping is a difficult task even without considering
domain generalization challenges for the multispecies, con-
tinental mapping task.

Fagan et al. [18] attempt to build a more general model
to address the challenge of classifying plots as either natu-

ral forest or plantation for tropical regions, using medium-
resolution Landsat, SAR, and Sentinel-1 features. How-
ever, their data in Africa is limited exclusively to palm
species or ”unknown”, and exclude smallholder fields <.45
ha. Notably, user’s and producer’s accuracy on plantations
in Africa are worse than in any other tested region.

2.3. Remote sensing features for trees
Most commonly, the application of computer vision and re-
mote sensing data for individual trees has been toward the
task of individual tree detection [7, 11, 61] or tree species
classification. These tasks typically involve aerial [1, 3, 4]
or street-view [6] imagery at more local scales. Critically,
including multimodal inputs in modeling has been found to
improve overall performance and generalization [6, 27, 39].
There has been a rise in the popularity of earth observa-
tion (EO) foundation models and associated benchmarking
tasks [5, 14, 20, 29, 36, 42]. Notably, emerging datasets and
foundation models focus on the challenge of learning mul-
tiscale features [20, 42, 47] within and across information-
rich, multimodal sources of data [20–22, 29, 36]. Most re-
cently, there has also been a focus on publishing location-
based embeddings, fixed-length learned representation vec-
tors extracted from a EO foundation model’s various inputs
[53, 54]. These embeddings provide a simple platform for
supervised learning or unsupervised clustering.

At the same time, many studies have highlighted the
complexity of tree species distribution, and the difficul-
ties associated with the diversity of phenologies and ap-
pearances [56], which makes plantation classification and
tree-related studies particularly salient as an EO evaluation
task. For PlantationBench, we acquire high-quality planta-
tion and forest locations based on field studies, which is an
area that has previously been filled with noisy lables and in-
accurate mapping efforts. Additionally, we contribute crop
type labels for known tree plantations, realizing that sub-
label shift is an important type of distribution shift, where
tailedness and frequency of certain sub-classes (types of
plantations) can make model performance highly variable
across different regions.

3. PlantationBench Dataset
We publish the most policy-comprehensive multi-feature
dataset for agricultural tree plantations, by emphasizing
smallholder inclusion and crop type labels. To acquire
plantation labels for training and testing, we aggregate ex-
isting sources of plantation geolocation data from SDPT
field records [44], species-level maps [15, 16], and large-
scale research studies [18]. Additionally, we collect new
plantation and forest locations from field sites, manual
labeling, and ground verification for each of the top-10
highest-production African countries and countries where
our partner organizations have previous engagements. De-
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Land Cover Mapping
Name Extent Plantation Provi-

sions
Year Resolution

(m)
Methods

GLAD Global Land
Cover and Land Use
Change [40]

Global Treated as forest 2020 30 Decision tree

ALOS Palsar Forest-
not-forest [46]

Global Treated as forest 2007-2020 25 Rule-based thresholding

Hansen Global Forest
Change [23]

Global Treated as forest 2013-2023 30 Decision trees (w bag-
ging)

Spatial Database of
Planted Trees [44]

Global (in-
complete)

Separately la-
belled

2015 Vector Mixed (sup. classifica-
tion, manual, surveys)

Table 1. AI-based tree cover datasets over Africa lack distinction for type of tree cover

Figure 1. Label distribution across Africa.

tails about the collection process are described in Sec. 3.1.1
and aggregate summarization of the dataset is provided in
Tab. 2 and Fig. 1. All points from “PlantationBench Man-
ual”, Cashew, and Mango subsets are plantation locations
collected by our team and partners. A minority (5.7%,
888/15347) of other plantation locations, specifically the
Oil Palm [15], Coconut Palm [15], and Fagan [18] subsets,
are previously published by researchers (Tab. 2).

For the African continent, even the best existing plan-
tation mapping efforts face severe data limitations over
Africa; Fagan et al. [18] includes 10+ species and crop
types for other continents, but in Africa, exclusively sources
species labels for oil palm and coconut palm for their train-
ing data. Any other species are referred to with a homo-

Figure 2. Processed feature input examples for 1) plantation (oil
palm, West Africa) and 2) forest (West Africa) point examples.
a) Very-high resolution aerial image for visual reference only, b)
Sentinel-2 NDVI (400x400m x 4 channel), and c) VHR CHM
(224mx224m x 1 channel).

geneous ”mixed” class. Through PlantationBench, we sig-
nificantly augment the geographical and crop type scope
compared to existing works. In particular, while species la-
bels are not comprehensively included in PlantationBench,
we represent all major categories of commercial and sub-
sistence tree crop, among fruit, nut, and oil product. This
results in a two-tier tree hierarchy for multi-label classifica-
tion, where tier 1 first solves the plantation-forest mapping
and tier 2 addresses crop type classification.

3.1. Data
3.1.1. Annotation Collection and Geolocation-based

Pipeline
The framework for processing samples involves collecting
point coordinates from the interior of different plots. In the
case of partner label data, these coordinates exist from field
surveys where enumerators would visit farm sites, tagging
class labels and recording GPS within tree plantations and
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various natural forest locations. A subset of the dataset,
called ”PlantationBench Manual”, was sourced by man-
ually recording coordinates for tree plantations in known
agriculturally-producing countries.

Besides publishing the image features for labeled sam-
ples in the PlantationBench dataset, we make openly avail-
able the scripts to process additional inference or training-
ready features for any given list of input coordinates. This
makes it possible for practitioners and researchers to input
locations in need of classification and directly extract fea-
tures ready for inference. The data processing pipeline de-
ploys through Google Earth Engine’s Python API, handling
feature engineering, aggregation, and image exports for the
trimodal feature set. The combined processed image fea-
tures for example points are visualized in Fig. 2. We de-
scribe further details behind each of the input features.

3.1.2. Canopy Height Map

Canopy height maps at high spatial resolution can provide
information about planting patterns and spatial structures
associated with managed tree plantations. This includes
row planting or cluster growth. However, to provide mean-
ingful information at the smallholder level, it is valuable to
have submeter imagery to delineate spacing between trees,
which in structured plantations may be less than 10m be-
tween trunks. Tolan et al. [48] use Maxar Vivid2 VHR
imagery and coupled dense aerial light detection and rang-
ing (LiDAR) to predict canopy height over VHR images.
These predictions are formed from training images primar-
ily in 2020, although some images date back to 2017. The
time frame allows applicability as a feature for the EUDR
benchmarking task, as it assesses canopy height patterns
circa 2020, from which plantations can be detected. It is
also viable that future updated iterations of the global sub-
meter CHM can be used for consistent monitoring of plan-
tation cover change. For plantation and forest coordinates,
we sample a 224m x 224m (224 x 224 pixel) patch from the
CHM product, centered on the point latitude and longitude,
where pixel value represents canopy height. This feature
can be visualized in Fig. 2c and is treated as a grayscale
image. Given the high cost and closed-source availability
of very high resolution (VHR, <1m ground sampling dis-
tance) satellite data outside of US and Europe, we identify
that secondary spatial products are a more accessible feature
set at very high spatial resolution. The open-source avail-
ability of such emerging datasets encourages future use of
aggregate product as an input feature for downstream tasks,
but with the limitation that multispectral and multitemporal
information must be supplemented with other data sources.
One advantage of aggregating most-valuable features along
these axes is that the filtered dataset is more computation-
ally efficient for inference at scale.

3.1.3. Sentinel-2
Sentinel-2 Multispectral Instrument satellite data has mul-
tispectral information ranging from 10m resolution to 60m.
The Sentinel-2 base data used in this study were sourced
from the Level-2A orthorectified atmospherically corrected
surface reflectance collection, acquired through the Google
Earth Engine Data Catalog. We opt to use standard red
and near infrared bands to compute a normalized differ-
ence vegetation index (NDVI) pixelwise for image patches
[45]. In order to include multitemporal information which
conveys seasonality, we composite all data from 2023 in
3-month windows to define a 4-season NDVI image time
series. These windows are based on climatic dry and wet
seasons, with quarterly cycles to accommodate intermedi-
ate seasons and East Africa’s phenomenon of having two
distinct wet seasons [38]. Phenological features are im-
portant because distinct crop types exhibit unique seasonal
patterns. Each season is treated as a single channel in the
stacked 4-channel feature. Based on the reference coordi-
nates, we sample a 4-band, 400m x 400m (40 x 40 pixel)
image centered on the point latitude and longitude, visual-
ized in Fig. 2b.

3.1.4. Sentinel-1
Synthetic aperture radar (SAR) from the Sentinel-1 constel-
lation provides an active sensing modality. SAR ground
range detected scenes have the advantage of penetrating
any visually obscuring features such as cloud cover, which
presents significant difficulties for monitoring tropical re-
gions like West Africa with exclusively optical satellite data
[15, 31]. Following the example of other land cover re-
search [18], we first sample 400m x 400m (40 x 40 pixel)
patches centered at each point in our dataset. Then we pro-
cess full-year composites of Sentinel-1 as tabular features
at patch-level, by separately normalizing vertical-horizontal
and vertical-vertical polarizations with computed entropy
and aggregation statistics.

3.1.5. Foundation Model Embeddings
While extraction of satellite imagery is a critical step of
many applications in computer vision for remote sens-
ing, foundation model embeddings can be used as features
for downstream tasks like classification. Embeddings are
a foundation model’s learned vector representations for a
given location; they implicitly capture information from
features used in training. Embeddings streamline steps
such as feature engineering when used as input features to
downstream supervised learning models. We export embed-
dings for PlantationBench sites from two recently published
models. Google Satellite Embeddings provides a 64-band
dataset at 10m spatial resolution, learning a single represen-
tation by leveraging leverages a deep Space Time Precision
encoder over temporally sparse multimodal input sources
including optical, radar, and LiDAR [12, 19]. On the other
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hand, EarthIndex Embeddings generate 384-band vectors
with 17.8m resolution (320 square meter patches) by pass-
ing the SoftCon [54] model over Sentinel-2 imagery.

4. Experiments
We conduct experiments to show the value added by Plan-
tationBench’s specific contributions as a continental-scale,
multimodal, multispecies dataset. Training procedure is
standardized across experiments, with an allowance for 50
training epochs and default hyperparameter settings, de-
scribed in more detail in supplemental. For all experiments,
overall accuracy, weighted F1 score, precision, and recall
were computed. Supplementary to experimenting with the
custom PlantationBench images, we use our geo-referenced
labels to extract embeddings for the downstream classifica-
tion task, and directly train a random forest algorithm on
embedding vectors from emerging EO foundation models.

4.1. Multimodality
We begin experiments to show that multiple feature streams
in PlantationBench are valuable toward the plantation clas-
sification task. We default to a continental-scale train-test
split and fine-tune a simple convolutional neural network
on each of the individual feature sets. Then, we consider
the multiscale feature set (VHR canopy height map and
coarser multispectral Sentinel-2 images) and the full multi-
scale, multimodal feature set which adds radar features. We
incorporate these different streams of data using a late fu-
sion approach, where individual feature extractors are used
on each input stream and their latent representations are
then passed through a fully-connected layer to fuse outputs
for the classification task [52]. We report that the multiscale
synthesis of RGB features with NDVI time series increases
classification accuracy significantly, and further addition of
a different modality of data (synthetic aperture radar (SAR)
from Sentinel-1) has some additional marginal benefit. The
value of SAR backscatter reported in other plantation map-
ping projects may be most useful for classifying various
palm cultivars. The different features offer distinct advan-
tages depending on plantation type.

4.2. Baseline Results
Given the task of binary classification from multiple streams
of remote sensing data, we adapt existing convolutional
backbones to individually extract features for each input im-
agery. The resulting deep features are concatenated and in-
put to a linear classification head which outputs class prob-
abilities. We test how pre-trained backbone performs and
find that initializing with pre-trained weights (based on Im-
ageNet) is effective at improving accuracy by 3.5% com-
pared to random weights (Tab. 4).

We test the value of transformer-based methods over tra-
ditional convolutional approaches for the plantation map-

ping task. In particular, given the success of pre-training for
ResNet, we fine-tune Sat-MAE on the task but find that it
slightly underperforms the convolutional models (Tab. 4).
We note that the treatment of canopy height and vegeta-
tion index images as separate inputs may add less value
compared to a multimodal attention mechanism for mod-
els pre-trained on coupled imagery. The embeddings-based
baseline show promise for deploying foundation models on
downstream tasks, as Google embeddings outperform even
the best custom architectures we test by 10% (Tab. 4). There
is significant value from global-scale, multimodal source in-
puts. However, EarthIndex embeddings underperform all
other architectures. We observe that the F-1 scores for the
embeddings-based models are very comparable to the ac-
curacy, suggesting the large-scale models have balanced
performance across classes. This is likely a benefit from
global-scale, general-purpose pre-training.

4.3. Distribution Shifts
To effectively map plantations at the continental scale
for Africa involves geographical distribution shift (due
to changing climatic zones, aridity gradients, and simi-
lar physical conditions) as well as accounting for different
types and frequency distributions of species. In order to test
robustness of our model to these changes, we run an experi-
ment leaving out each component subset from the full Plan-
tationBench dataset. For country-level ”leave-one-out” ex-
periments, the model is trained with training datasets from
all countries besides the designated left-out country, and test
performance is evaluated on that country’s test set (Fig. 3).

We consider countries with sufficient data for fine-tuning
(>500 samples total) and contrast the test performance from
training on that country’s training set, all countries from the
same region, and finally, all available data. Consistently,
the model trained on all available data outperforms the more
constrained models, and averages .80-.97 balanced F1-score
across countries with >500 data points (Fig. 4).

4.3.1. Geographical distribution shift
For major tree crop-producing countries, we demonstrate a
generalization gap between self-test (training on dataset in-
cluding the country, testing on held-out set from the coun-
try) and transfer performance of a model trained in-country
and tested on all others. We note that some countries gener-
alize fairly well to others, but overall, the full-training case
is the only case that generalizes over all countries.

4.3.2. Species distribution shift
We experiment with partitioning the data by crop type cat-
egory, and assess how well a model trained without same-
crop information does on the various tasks. We find that
having same-crop examples is critical for classification ac-
curacy, but some of the difference is mitigated with greater
geographical representation. The crop types for which we
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Dataset Region # Plantations # Forests
Plantation
Proportion Species

PlantationBench Manual East Africa 528 1021 .34 Multi
PlantationBench Manual West Africa 1582 2440 .39 Multi
PlantationBench Manual Central Africa 458 1001 .31 Multi
Cashew Benin 7283 7305 .50 Nut
Mango Cote d’Ivoire 4608 0 1.0 Fruit
Coconut Palm [16] Continental 69 1572 .04 Palm
Oil Palm [15] Continental 685 2579 .21 Palm
Fagan [18] Continental (Tropical) 134 1380 .09 Palm
PlantationBench Aggregate Continental 15347 17298 .47 Multi

Table 2. PlantationBench data inclusions by source, crop type, and region

Test Subset CHM Sentinel-2 Sentinel-1
CHM + S-2
(multiscale optical)

CHM + S-2 + S-1
(multiscale, multimodal)

PlantationBench Manual .87 .75 .70 .89 .90
Cashew .73 .82 .49 .85 .85
Coconut Palm .96 .94 .83 .96 .96
Oil Palm .87 .84 .82 .90 .90
Tropical Palm .95 .91 .86 .95 .96
PlantationBench Aggregate .81 .79 .74 .83 .83

Table 3. Plantation classification results (overall accuracy) for different feature inclusions

Method Backbone Acc F1
ResNet Tri ResNet-18 (Pretrained) .84 .80
ResNet Tri ResNet-18 (Random) .81 .80
SatMAE Bi ViT (Pretrained) .81 .72
Google FM AlphaEarth [12] .95 .94
EarthIndex FM Softcon [54] .75 .75

Table 4. Results from full training dataset with pre-training
and different architectures (Tri (trimodal) includes canopy height,
Sentinel-1, and Sentinel-2 features while Bi (bimodal) includes
only image-based canopy height and Sentinel-1. FM (Foundation
model embeddings) are based on the origin model’s training pro-
cess, so Google includes 3+ modalities while EarthIndex relies on
optical imagery.

had restricted geographies (cashew, mango in single coun-
try) experienced the most dramatic drop in performance
(Fig. 5).

5. Discussion
5.1. Inference
We developed a framework for which to assess the
deforestation-free status of an input location based on its
class in 2020. In order to illustrate the value of this in
real-world enforcement, we consider the location of several
known smallholder oil palm locations from [50]. We show
the model and dataset’s value in verifying the deforestation-

Figure 3. Model performance naturally declines when trained
without same-country data. Heterogeneity of species composition
is a driver, with countries like Benin and Ivory Coast, where select
crops predominate the dataset, experiencing the greatest drop.

free compliance for smallholder farmers where traditional
land cover maps from 2020 [46] misclassify agricultural
tree plantations. Notably, these misclassifications are not
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Figure 4. Model performance on individual country test sets im-
proves when given access to data from other countries, with in-
creased diversity of points in training data. Average test perfor-
mance across all countries, for in-country and continental-scope
training is represented with horizontal lines.

Figure 5. The removal of training data drawn from the same-
distribution (same species) as a test subset (hatched bars) has the
strongest negative effect on test accuracy on that subset compared
to removing data from other sources.

pixel-level inconsistencies, but rather, errors over whole
patches due to lack of a clear definition for plantation as
non-forest tree cover. We consider a misclassification if
over 50% pixels for a 10 x 10 pixel patch (25m/pixel) are
classified as forest. Fig. 6 illustrates 3 examples where plan-
tation locations given in [50] are classified as forest by the
existing 2020-baseline forest-not-forest map, but are appro-
priately classified by our model.

5.2. Limitations
We present a simple modeling approach with baseline ar-
chitectures and strategies for learning the plantation map-
ping task. Future work can improve on the strategy used
to fuse the various input features and maximize joint learn-
ing over their unique traits of high-quality spatial, temporal,

Figure 6. a) Very-high resolution aerial image for visual reference
of example tree plantations classified correctly by our models, b)
2020 PALSAR Forest/Non-Forest land cover map [46] for same
location. Dark green denotes ”dense forest”, light green is ”non-
dense forest”, and yellow is ”non-forest”

and spectral information. We show that supervised learn-
ing on foundation model general-purpose embeddings can
work well and is an emerging practice with the potential to
scale many earth applications. We hope to acquire more dif-
ferent subtypes (specific species) of fruit, nut, and oil crop
among the crop types that we separated, as this will provide
even more use cases for local governments, farmers, and
exporters who are involved with smallholder supply chains.
PlantationBench has serious implications for the future of
equitable policy in sustainable development. EUDR and
similar policies are necessary to protect global forests from
irreversible damage, but it is imperative that technological
solutions help empower resource-limited smallholder farm-
ers who may otherwise be underprepared to comply with
top-down policy.

5.3. Conclusion
Researchers have raced to develop foundation models for
earth observation and understand how well these models
transfer to downstream tasks. We show in our experiments
that incorporating multimodal inputs allows for better
learning of the end task, and that global-scale multimodal
FM embeddings do well on the task. The first wave of
remote sensing foundation models largely handled single-
sensor inputs [24] with limited flexibility for multiscale
inputs [37]. The next step with PlantationBench is to
encourage and benchmark performance for methods that
natively handle multimodal and multiscale imagery, partic-
ularly emerging EO foundation models such as SatMAE++
[37], GFM [32], and FoMoNet [10], among many other
large-scale EO studies [4, 5, 13, 14, 20, 21, 29, 36, 42, 60].
PlantationBench provides an economically grounded,
socially relevant, and timely application through which
innovative research can be applied to solve a real-
world challenge that affects global climate efforts
and the livelihoods of millions of smallholder farmers.

2972



References
[1] Daniel Amigo, David Sánchez Pedroche, Jesús Garcı́a, and
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