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Abstract. Foundation Models (FMs) are promising
approaches in multimodal artificial intelligence as they
provide foundational task knowledge across computer
vision, language understanding, and related domains.
Despite their success, the extent to which FMs generalize
to domain-specific tasks remains unclear, especially in
Earth System Sciences (ESS). In this work, we investigate
the geographical and task-level generalizability of
Segment Anything Model (SAM) and the vision-language
FMs CLIP and Grounding DINO, across two distinct
vision tasks: 1) building footprint segmentation from
high-quality airborne images at 40cm ground sampling
distance (GSD) and 2) surface water segmentation from
Sentinel-2 imagery at about 10m GSD. Herein, we
explore strategies to improve the zero-shot applicability
of the general-purpose SAM by combining it with other
pre-trained FMs for detection and classification, and
we evaluate the potential performance gains achievable
with minimal computational overhead through few-shot
adapters on the datasets. Furthermore, we assess whether
remote-sensing-specific training in RemoteCLIP and
RemoteSAM leads to meaningful improvements over their
general-purpose counterparts in large-scale geospatial
segmentation. Overall, we conclude that domain-specific
FMs can provide performance gains in certain settings,
but are neither required nor always useful when compared
with lightweight adaptation strategies and mixtures of
different general models. This suggests that a more
economical pathway might be to increase the remote
sensing data used in the training of general FMs instead
of training dedicated models specifically for ESS.
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1 Introduction

Nowadays, governmental and commercial satellites, aerial
platforms, and street-level data acquisition systems
contribute to an ever-growing repository of geospatial
observations. However, the value of Earth Observation
(EO) data is very much tied to applications that can
generate revenue from these observations. On the research
side, insights fuel data-driven Earth System Sciences; on
the governmental side, they inform political decisions; and
on the commercial side, they optimize production in areas
such as agriculture, urban planning, and environmental
monitoring. In this context, one traditionally defines
information products as geospatial information collections
based on measurements but interpreted towards semantics
that arise in multiple use cases. Some examples are
the Copernicus Land Monitoring Service (European
Environment Agency, 2021) and the Global Urban
Footprint and its successors (Esch et al., 2017). This
data processing towards an information product usable
for several applications can thereby involve significant
processing requirements, especially if data from various
sources is fused (Salcedo-Sanz et al., 2020).

One approach to ease the development of information
products is the use of Foundation Models (FMs): neural
networks pre-trained on diverse datasets and designed to
generalize across a wide range of tasks and domains.
FMs are intended to solve complex tasks such as question
answering, image segmentation, or image labeling. For all
of these tasks, a certain context is required: segmentation
might depend on scale or tolerance with respect to color
variations. It might be relevant to segment the most
prominent object within a bounding box or at a point
location. For question answering, the context of previous
queries or underlying documents may be important to
take into account. Therefore, FMs commonly expect more
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input information than raw observations alone, provided
in the form of additional knowledge that specifies what the
model should focus on, commonly referred to as a prompt.

Various FMs have been proposed for the geospatial
domain, and we do not aim to train or fine-tune a new
spatial FM. Instead, we assess the applicability of existing
FMs from the computer vision domain in geospatial
contexts, alongside recent remote-sensing-specific FMs.
In this context, we address the following question: 7o
what extent can advances in FMs trained outside the
geospatial domain enable more efficient extraction of
information products and thus value from geospatial
datasets, compared to domain-specific alternatives?

In this paper, we investigate general-purpose and
geospatial FMs with geospatial imagery without fine-
tuning or re-training. Specifically, we analyze how
different prompts influence model performance, including
prompts derived from other FMs or randomly sampled
prompts. In addition, we explore the potential performance
enhancement of few-shot adapters on the datasets. All
experiments are conducted under the constraint that
no additional energy consumption is incurred through
training or fine-tuning large-scale (spatial) FMs.

Concretely, we use two datasets, orthophotos with building
footprint annotations (Werner et al., 2023) and Sentinel-
2 imagery with surface water labels (Li et al., 2021), to
investigate the zero-shot segmentation FM SAM (Kirillov
et al., 2023) in the remote sensing domain. In addition,
we assess the impact of domain-specific pre-training with
RemoteSAM (Yao et al., 2025), an FM specifically for
remote sensing imagery. We evaluate the performance of:

o SAM prompted with ground-truth annotations (points
or bounding boxes)

e SAM prompted with prediction targets from a pre-
trained object detection model (Grounding DINO)

e SAM’s automated prompting mechanism followed
by classification of the segments using Vision
Language Models (CLIP and RemoteCLIP)

o RemoteSAM with direct text prompting

2 Related Work

This paper aims to investigate the zero- and few-shot
adaptability and performance of general-purpose and
geospatial FMs in geospatial applications across datasets
with differing spatial resolutions and sensing modalities.
Towards this, we identify important general-purpose FMs
and large models proposed as geospatial FMs.

2.1 General-Purpose Foundation Models

FMs are large models pre-trained in a task-agnostic
manner to serve as general solutions adaptable to a

wide range of downstream applications (Mai et al.,
2023; Bommasani et al., 2022; Hong et al., 2024; Li
et al., 2023b). In recent years, such models have been
developed for many data domains, including language,
graphs, videos, and images (Zhou et al., 2024). They
typically foster large neural networks trained on large-
scale datasets to learn generic representations. For our use
case of evaluating such models in geospatial applications,
we analyze two categories of models, Vision FMs and
Vision Language FMs, as well as their combinations.

Many works have demonstrated the revolutionary
potential of FMs. Vision FMs focus on processing visual
data and have been trained to support different tasks,
including image segmentation and object detection.
Notable examples include SAM (Kirillov et al., 2023)
and DINOv2 (Oquab et al., 2024). In contrast, Vision
Language FMs are multimodal and jointly process
visual and textual information. They allow for more
complex tasks like image generation and editing,
image captioning, visual question answering, and open-
vocabulary segmentation and detection. Examples include
CMa3leon (Yu et al., 2023), BLIP (Li et al., 2022), and
CLIP (Radford et al., 2021).

In this paper, we focus on the three types of general-
purpose FMs based on their functionality and input-
output characteristics. This selection is motivated by the
claim of general applicability, the ability to be combined
into a unified processing pipeline, and their relevance.
These selected models are the segmentation Vision FM
SAM (Kirillov et al., 2023), the Vision Language FM for
object detection Grounding DINO (Liu et al., 2025), and
CLIP (Radford et al., 2021; Liu et al., 2024), a Vision
Language FM for classification.

2.1.1 Segment Anything Model: A Vision
Foundation Model for Segmentation

The Segment Anything Model (SAM) by Meta (Kirillov
et al.,, 2023) is a deep learning model that can be
applied to two segmentation problems: a prompted
approach or an automatic segmentation. Architecturally,
SAM is an autoencoder originally featuring an encoder
and a decoder (Goodfellow et al., 2016). To solve
both previously defined segmentation problems, SAM is
extended with a second encoder, as shown in Figure 1.

Images are encoded with a pre-trained Vision Transformer
(ViT), while the second prompt encoder processes
additional sparse and non-sparse inputs from the user or
another algorithm. Possible inputs for the prompt encoder
are points, boxes, masks, and text, though the weights
of the latter are not public. The decoder is an attention-
based transformer architecture (Vaswani et al., 2017).
The model was pre-trained on the SA-1B image dataset
and is available in three sizes, differing in the number
of parameters of the image encoder: ViT-base (91M
parameters), ViT-large (308M), and ViT-huge (636M).
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Figure 1. The general SAM architecture as described in (Kirillov et al., 2023).

2.1.2 Grounding DINO: A Vision Language
Foundation Model for Object Detection

DINO is a ViT model that features a student-teacher
architecture (Caron et al., 2021). It uses self-distillation
without labels, training two similar networks with
different parameters jointly: a student and a teacher. The
learning happens in a self-supervised manner, where the
teacher network ensures generalization. Grounding DINO
uses this student-teacher architecture to work as an open-
set object detection model for images (Liu et al., 2025).
Compared to closed-set detectors, language is used as
a generalization level for the object detection task: A
language model first processes the user query to produce
the query to use with the general DINO model (Zhang
etal., 2022; Caron et al., 2021). For this, Grounding DINO
features a transformer-like architecture for handling both
language and image data (Liu et al., 2025). This results
in a model capable of producing pairs of bounding boxes
and noun phrase labels that fit the textual description
given in the prompt. The model comes with different
backbones, and in this paper, we focus on the Swin-T
(172M parameters) and Swin-B (341M) backbones.

2.1.3 Contrastive Language-Image Pre-Training: A
Vision Language Model for Classification

Contrastive Language-Image Pre-Training (CLIP) is a
method of training a deep learning model on a large
image database with corresponding captions only. Exact
image labels are not required for this approach; instead,
the model is capable of learning from similar pairs of
data (Radford et al., 2021). This is possible with the
help of two encoders: one for the textual descriptions
and one for the images, to learn a common embedding
of text and image. CLIP can be used for two types of
tasks — image classification and text generation. At test
time, only the image encoding is used to get embeddings
that allow to reference back to the textual descriptions
of the input image (Radford et al., 2021). The model
is particularly tested for object detection within a zero-
shot setting and exhibits better performance compared to
existing ImageNet-based classification approaches.

2.2 Large Models for Geospatial Applications

Recent literature emphasizes that so-called general-
purpose FMs are not well suited for geospatial
data (Lacoste et al., 2021, 2024; Radford et al., 2021).
Thus, two approaches to attain FMs for this data type have
been proposed: (1) Add new pre- and post-processing
steps to the existing universal FMs, or (2) train new
‘foundation’-like models for the geospatial domain.
Thereby, foundational approaches can significantly
improve existing methods for geospatial artificial
intelligence models in three areas (Mai et al., 2022):

e Make the model task agnostic (basic idea of FMs).

e Improve on sensor agnosticism by allowing the
processing of different sensors’ data and thus
reducing the spatiotemporal sparsity due to the
limited number of satellites.

e Enable the spatiotemporal awareness of the model,
meaning allow for the additional spatial and temporal
information to be fed and processed.

The authors of SAM claim that their model excels in
single-shot learning tasks in various domains and often
outperforms fully supervised approaches in segmentation.
They thereby emphasize its ability to generalize the
learned concepts to different domains without any
retraining (Kirillov et al., 2023). However, Sultan et al.
(2024) noted SAM’s poor ability to generalize to
mobility infrastructure in aerial imagery. Initial attempts
at universal large pre-trained models with geospatial data
have already been reported: Osco et al. (2023) investigate
SAM with geospatial data and show its promising results
in this field, but propose improving its ability through
one-shot training. The authors of CLIP state that their
model performs poorly on satellite imagery (Radford
et al, 2021). Therefore, Liu et al. (2024) adopted
approach (2) and trained RemoteCLIP on remote sensing
images, thereby adapting CLIP to the geospatial domain.
In a similar fashion, RemoteSAM trained a SAM-like
approach for the remote sensing domain (Yao et al., 2025).

Additionally, several tailored models were proposed for
remote sensing imagery, either in RGB only or for multi-



band: ‘Prithvi’ (Jakubik et al., 2023) and SatMAE (Cong
et al., 2022) use reconstruction-based training paradigms
and perform especially well in multi-spectral applications.
Others, such as CROMA (Fuller et al., 2023) and
AlphaEarth (Brown et al., 2025), are even more tailored to
the geospatial domain, e.g., by using additional metadata
during training. Foundation-like approaches only for RGB
images in the remote sensing field are presented by Cha
et al. (2023) and Sun et al. (2023). However, all these
models do not serve as a universal FM in the traditional
sense, since they are tailored to the geospatial domain only.

Consequently, the diversity of geospatial data types
and tasks has motivated the development of dedicated
benchmarks. Recent benchmarks for geospatial FMs have
been introduced to cover diverse applications (Mai et al.,
2023; Lacoste et al., 2024; Marsocci et al., 2025; Wang
et al., 2025), with Mai et al. (2023) proposing seven
tasks, including geospatial semantics, health and urban
geography, and remote sensing.

3 Datasets

Geospatial segmentation can be divided into two
categories: the segmentation of relatively small self-
contained objects like buildings or cars, and the
segmentation of large, heterogeneous objects, e.g., street
networks or landscape features. To capture this diversity,
we select two datasets that vary in overall appearance and
segmentation label structure. While the Bavaria Building
Dataset comprises self-contained segments of houses, the
Surface Water Dataset involves diverse water bodies: small
lakes and ponds, long rivers, and thin streams.

To evaluate the performance of FMs on geospatial tasks,
unbiased by data pre-processing, we select only the data
dimensions that closely match the natural images in the
training sets of FMs. Specifically, we select only the subset
of bands corresponding to RGB, since they are widely
available across satellite and airborne datasets and can be
directly processed by FMs trained on RGB images.

3.1 Bavaria Building Dataset

The Bavaria Building Dataset (BBD) by Werner et al.
(2023) consists of RGB orthophotos at 40cm ground
sampling distances (GSD) obtained by the Bavarian
government. The corresponding building footprint data
was obtained from OpenStreetMap (OSM). We process
the data from Upper Bavaria in patches of 1024x1024
pixels to align with the input requirements of SAM,
retaining only images with segmented objects. Thus,
the dataset reduces to 4,650 patches out of the original
15,015. As buildings often belong to contiguous clusters
formed by densely packed neighborhoods, this dataset
exhibits strong spatial autocorrelation. Additionally, the
complexity of the dataset is relatively low, indicated by
a low bounding box-to-label ratio.

3.2 Surface Water Dataset

The Surface Water Dataset by Li et al. (2021) consists
of Sentinel-2 images at 10m GSD with surface water
masks obtained from OSM. For this case study, only the
RGB bands and data from Upper Bavaria, Germany were
selected, resulting in a 18177x19283 pixel image. The
image was tiled into 1024 x 1024 patches and normalized
with a cumulative count cut at 2% to 98%. If a patch
was not completely within the base image’s boundary,
the image was padded with zeros. In total, this dataset
consists of 312 images for segmentation. The Surface
Water Dataset is characterized by thin, dispersed, and
less visible formations. A single river extends along the
entire image; however, the resulting average label density
equals that of several compact and small buildings from
BBD. Because rivers and streams are naturally narrow
and the Surface Water Dataset has a significantly higher
GSD, these water bodies occupy fewer pixels in width.
Further, the bounding box-to-label ratio is comparably
high for the dataset, indicating that the bounding boxes are
significantly larger than the compact but irregularly shaped
objects contained in them.

4 Methods

From a modeling perspective, we mainly investigate the
ideas mentioned by Osco et al. (2023): We integrate
different FMs and perform segmentation without fine-
tuning. In the following, four different approaches are
implemented to map two distinct geographical objects in
satellite images — buildings and water bodies. An overview
of the methods is provided in Figure 2.

4.1 Ground-Truth Prompted SAM

SAM’s main appeal is its universal ability to accurately
segment any object given a bounding box or a point on the
object in question. For our experiments, we use SAM from
Huggingface’s Transformer library (Wolf et al., 2020).
To automate the generation of bounding boxes and point
inputs, the ground-truth masks are exploited:

e Bounding Box: Each contiguous masked object in
the ground-truth is enveloped with an axis-aligned
minimum bounding box.

o Representative Point: For each building, a single
point is selected to identify the object. This is the
center-of-mass of the shape if it lies within it, and a
cheaply computed point within the shape otherwise.

e Multiple Randomly Sampled Points: For each
building, multiple uniformly sampled points are
selected.

e Foreground/Background Points: The same number
of points are uniformly sampled and correctly labeled
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Figure 2. Schemata of the four used methods: Ground-Truth Prompted SAM, Grounding DINO Prompted SAM, CLIP Classified SAM

Automatic, and the domain-specific RemoteSAM

from the foreground (buildings or water bodies) and
the background.

These evaluations enable a performance analysis of
SAM’s pure image encoder-decoder architecture and serve
as a baseline for the other approaches.

4.2 Grounding DINO Prompted SAM

SAM supports text-based segmentation; however, this
prompting mechanism has yet to be released. To
circumvent this, we prepend an object detection model
to SAM, Grounding DINO (Liu et al., 2025). This
pipeline, termed Grounded SAM (Ren et al., 2024), has
been applied by many in various domains. Integrating
Grounding DINO automates the generation of bounding
boxes that prompt SAM based on text inputs. By
combining these models, we establish a powerful pipeline
that leverages Grounding DINO’s ability for object
recognition and SAM’s capability to convert these boxes
into segmentation masks. The quality of results generated
by Grounding DINO depends on the classes, with better
outcomes for common classes. Therefore, we aim to test
the zero-shot generalizability of Grounding DINO for
geospatial objects.

4.3 RemoteSAM

RemoteSAM proposes a segmentation-centric FM for
EO (Yao et al., 2025). Architecturally, it adopts a Swin-B
visual encoder and BERT as text encoder instead of Large
Language Models (LLMs). A dedicated cross-modal
fusion decoder jointly reasons over visual and textual
features to perform referring expression segmentation. The
pixel-level masks serve as a unifying task representation

for multi-task support through a subsequent mask-to-
task conversion for detection, grounding, classification,
counting, and captioning. To enable this paradigm, the
authors train the model on a newly constructed large-
scale image-text-mask dataset RemoteSAM-270K that
expands the underrepresented semantic categories of
remote sensing imagery. With these adaptations, the
authors report state-of-the-art performance across multiple
remote sensing benchmarks despite significantly fewer
parameters compared to LLM-based remote sensing FMs.

Unlike SAM, RemoteSAM expects images of size
896 x896. Since our images are cropped to 1024 x1024,
they are resized using bilinear interpolation. However,
some objects in the Surface Water Dataset are very thin
and may be diluted during resizing. To mitigate this, we
explored two alternative strategies: The first strategy splits
each image into four overlapping tiles, runs RemoteSAM
on each tile independently, and then stitches the results by
averaging the predictions. The second variant also uses
tiling, but considers an object detected if it appears in
any of the tiles. We report results obtained with the latter,
which performed best.

4.4 CLIP Classified SAM Automatic

In the final experiment, we test SAM Automatic, where
the only difference from point-prompted SAM is how
these points are selected. Instead of a manual selection,
SAM automatically generates several points in a grid-
based structure. The user specifies the number of points
per side, and SAM Automatic segments the image for each
grid point in a point-prompted manner.

Since SAM Automatic cannot classify the predicted
masks, an additional classification model is necessary.



Table 1. Evaluation of SAM with varied model sizes on BBD using different prompts generated from ground-truth masks. The highest
performance across the model sizes is underlined, while the optimal prompt results within ViT-large are in bold.

ViT-base ViT-large ViT-huge
BB RP 5Sp BB RP 5SP BB RP 5Sp
F1 0.833 0.743  0.767 0.842 0.752 0.791 0.840 0.750 0.782
ToU 0.713 0.591 0.622 0.726 0.602 0.654 0.724  0.600 0.642
Precision 0.816 0.720 0.669 0.811 0.750 0.703 0.809 0.754 0.684
Recall 0.850 0.767 0.899 0.874 0.753  0.903 0.873 0.746 0912

For this purpose, we append another FM, CLIP, to
decide whether each image segment corresponds to
the desired geospatial object. As the primary objective
of our benchmarking is to avoid fine-tuning large
models for geospatial data, we decided to also evaluate
RemoteCLIP (Liu et al., 2024), an FM fine-tuned on
geospatial data for remote sensing applications. This is
motivated by prior evaluations of CLIP (Radford et al.,
2021), which confirm its limitations on satellite imagery.
We also evaluate CLIP on the selected datasets and
compare it with RemoteCLIP to study the potential
performance gains of fine-tuning on geospatial data. In
addition, we investigate the impact of adding few-shot
adapters to CLIP.

4.5 Data and Software Availability

Both datasets are open source (Werner et al., 2023; Li
et al.,, 2021). The code and preprocessed datasets are
available at the following links:

e Code  repository:
2026- AGILE-GeoFM

https://github.com/tum-bgd/

e BBD: https://figshare.com/s/83c2cead0d8fcc65dcoe

e Surface Water Dataset:
a359b71447¢18d02b9db

https://figshare.com/s/

5 Evaluation and Results

We evaluate all four proposed methods based on the end
segmentation masks instead of the intermediate outputs,
which allows us to compare all methodologies directly.
To this end, the F1 score combines precision (how
accurate positive predictions are) and recall (how many
true positives are correctly identified), while Intersection
over Union (IoU) measures the overlap between predicted
and ground-truth masks.

5.1 Evaluations on the Bavaria Building Dataset

Table 1 compares the different-sized SAM models on
BBD using prompts derived from the ground-truth masks.
Among the three model sizes and across all prompt
types, bounding box (BB), representative point (RP), and

five randomly sampled points (5SP) per building, ViT-
large consistently performs the best. Indeed, ViT-huge is
known to over-segment images and produce excessively
fragmented segments that do not generalize well to these
compact objects. Based on these results, ViT-large seems
the most effective and is thus selected for the remaining
evaluations. Here, bounding box prompts achieve the
highest F1 and IoU scores, meaning they produce the
most accurate segmentation masks. While point-based
prompts demonstrate strong performance, their scores are
consistently slightly lower.

Figure 3 depicts an example prediction from ground-
truth-generated prompts. Segmentation with bounding box
prompts clearly outperforms point-based segmentation.
When using multiple points, the segmentation outcomes
compared to the single point results are improved, e.g.,
in the upper left corner, the single point prediction does
not fully capture the more complex building. Nevertheless,
multi-point prompt predictions produce false positives
in the lower right corner with scattered and pixelated
predictions. This highlights a trade-off between improved
spatial coverage and increased noise with multiple points.

Table 2 examines the trade-off between the number of
randomly sampled points per building and segmentation
performance. Both the F1 and IoU scores improve as the
number of sampled points increases, peaking at 4SP. The
lowest performance occurs at 1SP and 20SP, indicating
that using too few or too many points adversely affects
SAM’s overall segmentation accuracy.

Table 2. Evaluation of SAM on BBD using different numbers of
randomly sampled points from the ground-truth masks.

1SP 2Sp 4SP 5SP  10SP  20SP
F1 0.722 0.781 0.793 0.791 0.768 0.720
IoU 0.565 0.640 0.657 0.654 0.623 0.563
Precision 0.731 0.734 0.713 0.703 0.668 0.611
Recall 0.712 0.833 0.893 0.903 0.903 0.877

In the following cases, point-based prompts may cause
SAM to segment an object from the background:

e Dataset Inconsistencies: Discrepancies between
orthophotos and segmentation masks, e.g., missing
buildings that are not updated in the OSM data.
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Figure 4. Example prediction from ground-truth prompted SAM with 20 randomly sampled background (red dots) and foreground

points (blue dots), respectively.

e Geospatial Inaccuracies: The position and shape
of polygons in the OSM data are imprecise, which
means that some randomly sampled points do not
align with the building.

e Obstructions and Overgrowth: Overgrown trees or
other objects can obscure buildings, which results in
points sampled from the greenery, not the building.

To avoid over-penalizing the point-based results, masks
that are five times larger than their ground-truth
counterparts were excluded. This adjustment increases the
F1 scores by 0.3 to the values in Table 2. These erroneous
results emphasize the need for data quality management
for datasets. By understanding these problems, the
segmentation results can be applied as a diagnostic tool
to help build a more accurate geospatial data ecosystem
that supports strong data quality control practices.

Another SAM prompting strategy uses foreground and
background points; however, this yields the worst
segmentation performance. Figure 4 shows how SAM
fails to generalize to non-prompted buildings and to
reliably distinguish foreground from background. While
this approach can be successful with simple images
with clear background separation, it becomes noisy and
ineffective in cluttered aerial imagery. Indeed, aerial views
encompass diverse object classes, which limits SAM’s
ability to generalize when insufficient prompts represent
the variety of background structures to be excluded.

For the experiments with Grounded DINO, we use the
Swin-T backbone since it outperformed Swin-B. We note
that in some cases, Grounding DINO produced bounding
boxes that span the entire image; however, based on our
domain knowledge from the data, no building is of this
size. Most of these undesired outputs occurred in images



Table 3. Evaluation on BBD of Grounded SAM (GS) and the directly text-prompted RemoteSAM (RS). The best performance across

GS and RS is underlined, while the optimal prompt results within each model are in bold.

‘building’ ‘buildings’ ‘single buildings”  ‘building and structure’  ‘building . buildings .’
GS RS GS RS GS RS GS RS GS RS
F1 0.597 0.533 0569 0.516 0.520 0.400 0.485 0.498 0.523 0.537
ToU 0426 0.364 0398 0.348 0.351 0.250 0.320 0.332 0.354 0.367
Precision 0.546 0.656 0.489 0.659 0.498 0.306 0.491 0.420 0.511 0.652
Recall 0.659 0.449 0.680 0424 0.544 0.576 0.480 0.613 0.536 0.456

Ground Truth

Figure 5. Example bounding box predictions from Grounding
prompted with the term ‘building’ on BBD.

with only a few structures. Filtering out these bounding
boxes increased the F1 and IoU scores from 0.139 and
0.075, respectively, to the values reported in Table 3.

We observed that Grounding DINO’s performance was
affected by subtle semantic nuances in the prompts.
Among the tested expressions, the term ‘building’
performed best. This highlights the importance of prompt
wording for identifying contextually relevant information.
Table 3 shows a subset of the evaluated prompts that
achieved the highest performance. Grounding DINO
supports using phrases as prompts or including a list of
text prompts separated with a dot. However, including
synonyms or variations in the text prompts, e.g., ‘building
and structures’ or ‘building . buildings .” among others, did
not lead to performance improvements in this case.

In the same table, we additionally report the results of the
third experiment configuration obtained with RemoteSAM
using identical text prompts. For completeness, we note
that RemoteSAM accepts multiple class names in the form
of a list; thus, the prompt ‘building . buildings .” is now
passed as [ ‘building’, ‘buildings’]. In contrast to Grounded
SAM, RemoteSAM does not require a two-step pipeline
and can be directly prompted with text. For RemoteSAM,
the best-performing prompt is ‘building . buildings .’.
Despite this, the overall performance of RemoteSAM
is mostly lower than that of Grounded SAM, with the
exception of the prompts ‘building and structure’ and
‘building . buildings .’, which achieve marginally better
F1 and IoU scores. These inferior results are unexpected,
and the exact underlying cause remains unclear, given
that RemoteSAM was specifically trained on geospatial
datasets in which the building class is highly prevalent.

Grounding DINO Prompted SAM Text-Prompted RemoteSAM
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DINO and subsequent Grounded SAM and RemoteSAM results,

To visually illustrate the building detection ability of
Grounding DINO, Figure 5 presents a positive example
in which Grounded SAM successfully identifies most
buildings within the images. Nevertheless, Grounding
DINO struggles with smaller buildings and structures
with white rooftops. In contrast, Figure 5 also reflects
the weaker performance of RemoteSAM, where a
considerable number of buildings remain undetected,
consistent with the quantitative results reported in Table 3.

For the final evaluation, SAM Automatic was deployed
to generate segmentation masks via point-grid prompting.
SAM Automatic’s mask quality prediction is used to filter
out masks that do not satisfy IoU and stability score
thresholds. The retained masks are then overlaid on the
image to isolate candidate objects. The classification of
these as building or background is done with a zero-
shot CLIP and RemoteCLIP. The best-performing queries
were: ‘satellite image of buildings’ and ‘satellite image
of background’, and based on the image—text similarity
scores, the masked object is classified accordingly.

Figure 6 and Table 4 confirm the promising results of
this approach. As expected, RemoteCLIP outperforms the
non-domain-specific CLIP at a fraction of the number
of parameters. Indeed, compared to the previous pipeline
with Grounding DINO, the regular CLIP performs worse.
A possible explanation is that CLIP performs classification
using only the cropped area from the generated masks,
which strips the image of its overall context, potentially
affecting the understanding of the object’s environment.
In contrast, RemoteCLIP is specifically trained on remote
sensing images, enabling it to classify objects without the
need for the surrounding context of the object.
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Figure 6. Example prediction on BBD of SAM Automatic classified with RemoteCLIP.

Table 4. Evaluation of SAM Automatic on BBD with the generated masks classified with CLIP or RemoteCLIP as either ‘buildings’

or ‘background’ at a threshold of 0.7.

CLIP ViT-bigG-14

RemoteCLIP ViT-B-32

RemoteCLIP ViT-L-14

Grid Points ~ 32x32  64x64  128x128 | 32x32 64x64 128x128 | 32x32 64x64  128x128
F1 0.444 0467 0.485 0472 0.480 0.482 0.647  0.661 0.668
IoU 0.285  0.304 0.320 0.309 0.316 0.317 0479  0.494 0.502
Precision 0.532  0.505 0.504 0.503  0.484 0.472 0.699 0.681 0.674
Recall 0.381  0.433 0.467 0445 0476 0.492 0.603  0.642 0.662

SAM Automatic produces masks at pre-defined point
coordinates that have been generated on a grid basis,
which means more points lead to a more densely prompted
image. We test different numbers of grid points, namely
32x32, 64x64, and 128x128, and observe that a more
dense grid results in better performance across all three
CLIP models. SAM demonstrates once again its zero-
shot segmentation capabilities, and with the assistance
of RemoteCLIP ViT-L-14 becomes a potential instance
segmentation module for remote sensing.

To minimize extensive training efforts when applying FMs
to the geospatial domain, we explore a few-shot learning
adapter for CLIP: Tip-Adapter (Zhang et al., 2021).
Specifically, we train a small cache model using only eight
examples of buildings and backgrounds cropped from
the dataset. A classification is performed by combining
the adapted features with pre-trained CLIP’s features.
Applying Sam Automatic to a grid of 128x128 points and
using CLIP ViT-bigG-14 and its trained adapter achieves
a0.617 F1 score and 0.446 IoU. Remarkably, these results
surpass those of RemoteCLIP ViT-B-32 and approach the
performance of RemoteClip ViT-L-14, all achieved with
just eight examples and only seconds of training.

5.2 Evaluations on the Surface Water Dataset

The same experiments were evaluated on water body
segmentation, with SAM results using ground-truth masks
summarized in Table 5. As with the post-processing of
BBD predictions, a competitive performance was achieved

by filtering out masks that exceed five times the size
of the corresponding ground-truth. Indeed, the authors
of the Water Surface Dataset report an F1 score greater
than 0.8 using a model specifically designed and trained
for this dataset and leveraging additional spectral bands
beyond RGB. Out of all prompts, two randomly sampled
points per masked object achieve the best balance between
precision and recall, resulting in an F1 score of 0.797.
However, without filtering, SAM struggled to correctly
identify water areas, as documented on the left side of
Table 5. Notably, when compared to their bounding box
counterparts, unfiltered point-based prompts performed
significantly worse.

Unlike with BBD, SAM’s difficulty in segmenting water
bodies can first be attributed to the high GSD of these
satellite images. Figure 7 illustrates an example prediction
and highlights SAM’s lack of robustness on lower-
resolution water bodies. Given the inherent differences
between buildings and water bodies, these results are to
be expected. Most buildings have rectangular-like shapes,
and bounding boxes capture most of their structure. On
the other hand, the Surface Water Dataset contains a
few large lakes and predominantly fine-grained objects,
namely small water surfaces and narrow, elongated rivers,
streams, and creeks that span much of the image but
occupy only a few pixels. Consequently, these irregular
shapes produce large bounding boxes that only envelop a
very thin-shaped object. However, SAM cannot precisely
interpret the shape of the object based on the bounding
box. Similarly, point-based prompting for these objects



Table S. Evaluation of SAM on the Surface Water Dataset using different prompts generated from ground-truth masks before and after
filtering out very large predictions.

Before Filtering After Filtering
BB RP 2SP 5SP 10SP BB RP 2SP 5SP 10SP
F1 0432 0.069 0.079 0.107 0.106 | 0.777 0.775 0.797 0.757 0.738
IoU 0.276 0.036 0.041 0.057 0.056 | 0.636 0.633 0.663 0.609 0.584
Precision 0.285 0.036 0.041 0.057 0.056 | 0.736 0.823 0.826 0.732 0.761
Recall 0.894 0919 0955 0971 0979 | 0.823 0.733 0.771 0.783 0.713
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Figure 7. Example predictions on the Surface Water Dataset of the ground-truth prompted SAM with different prompts.
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frequently confuses the surrounding land as part of
the target. This limitation prevents SAM from only
segmenting the streams and instead mistakes them as part
of a bigger, unrelated object in the background. This leads
to high recall but low precision, which emphasizes the
importance of considering topological properties when
designing prompts for segmentation tasks of geospatial
data and the need for models capable of granular object-
level understanding (Li et al., 2023a).

Even worse than the BBD results, most bounding
box predictions of Grounding DINO span the whole
image. Once again, filtering these improves performance;
however, the results remain very low. Grounding DINO’s
inability to extract water bodies from Sentinel-2 images
is confirmed with the results from Table 6 and can
be attributed to several factors. First, the surface water
class is relatively rare and likely underrepresented by
the dataset during DINO’s training. Second, the high
GSD of Sentinel-2 images means lower spatial resolution.
Therefore, the details of the object of interest are less
visible compared to BBD. Indeed, most objects are fine
structures, either thin streams or small water surfaces,
making them more difficult to detect. Lastly, identifying

R

Representative Point Prediction 5 Sampled Points Prediction

water surfaces in satellite images is a challenging task due
to their high visual diversity, particularly color variations
that range from blue and green to darker tones depending
on water depth and other environmental conditions.

On the Surface Water dataset, RemoteSAM performs
slightly better than Grounded SAM for certain prompts.
Interestingly, the best-performing prompt is ‘water body’,
which was unexpected because the categories lake, river,
and stream present during RemoteSAM’s training failed
to produce meaningful results. Nevertheless, the highest
F1 score achieved by RemoteSAM is 0.265, which is
substantially lower than the performance obtained with
ground-truth—prompted SAM.

Figure 8 illustrates an example prediction of Grounded
SAM and RemoteSAM using the prompt ‘water body’.
Both models detect only one of the two large lakes in
the image. The results further reveal that RemoteSAM
is sensitive to color variations. While SAM produces
a coherent segmentation mask for the detected lake,
RemoteSAM generates a highly fragmented mask. This
behavior means that RemoteSAM struggles to capture the
full spatial extent of objects with different color ranges.



Table 6. Evaluation on the Surface Water Dataset of Grounded SAM (GS) and the directly text-prompted RemoteSAM (RS).

‘water surface’ ‘water’ ‘lake. river. stream.’ ‘water body’ ‘blue’ ‘blue surface’

GS RS GS RS GS RS GS RS GS RS GS RS
F1 0.042 0.051 0.031 0.022 0.052 0.007 0.052 0.265 0.096 0.000 0.099 0.186
IoU 0.021 0.026 0.016 0.011 0.027 0.004 0.027 0.153 0.050 0.000 0.052 0.102
Precision  0.025 0.027 0.019 0.014 0.031 0.014 0.031 0497 0.056 0.005 0.057 0.266
Recall 0.136  0.341 0.093 0.055 0.155 0.005 0.175 0.129 0.181 0.000 0.376 0.142
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Figure 8. Example bounding box predictions from Grounding DINO and subsequent Grounded SAM and RemoteSAM results,

prompted with the term ‘water body’ on the Surface Water Dataset.

Table 7. Evaluation of SAM Automatic on the Surface Water Dataset with the generated masks classified with CLIP or RemoteCLIP

as either ‘a surface water’ or ‘background’.

CLIP ViT-bigG-14

RemoteCLIP ViT-B-32

RemoteCLIP ViT-L-14

Grid Points ~ 32x32  64x64  128x128 | 32x32 64x64 128x128 | 32x32 64x64 128x128
F1 0.325  0.328 0.325 0.614 0.603 0.602 0.433  0.380 0.377
TIoU 0.194  0.196 0.194 0.443 0432 0.430 0277  0.234 0.233
Precision 0.307  0.298 0.309 0.807 0.739 0.738 0374  0.297 0.288
Recall 0.346  0.365 0.344 0496 0510 0.508 0514  0.527 0.547

Similar to the results of the first dataset, CLIP once
again performed worse than RemoteClip. In contrast to
the previous approach, where Grounding DINO showed
its unfamiliarity with the water bodies class, CLIP
demonstrated better recognition of water features. As
reported in Table 7, RemoteCLIP performed best with
ViT-B-32. Among all text prompts we tested, ‘a surface
water’ yielded the highest F1 scores compared to other
queries. Unlike BBD, increasing the number of grid
points did not improve the F1 score. Nonetheless, the
combination of the two FMs still performed suboptimally
on zero-shot surface water segmentation and classification
when faced with small or sparse water features as shown in
Figure 9. In certain cases, SAM Automatic’s raster-based
approach misses these targets on top of its weaknesses in
granular segmentation. In other cases, RemoteCLIP fails
to correctly classify the low-resolution pixelated objects.

Finally, Tip-Adapter trained on only eight examples
further deteriorates the already poor performance of CLIP
ViT-bigG-14. Specifically, when combined with SAM on
a 128x128 grid, the pipeline achieves an F1 score of just
0.235 and an IoU of 0.133.

5.3 Discussion

All tested approaches produced promising building
segmentation results but struggled with water bodies in
Sentinel-2 imagery. This is largely because they are not
trained on datasets with varying GSDs and sensor types,
and do not support high-dimensional remote sensing data,
such as multispectral and multi-sensor inputs.

SAM performed best with bounding box prompts, while
point-based prompting introduced a trade-off between
coverage and noise. While SAM achieved strong results
on building footprint detection, performance degraded
notably on Sentinel-2 surface water imagery due to
lower spatial resolution and appearance variability. This
confirms the persistent challenge with datasets with finer-
grained targets, which should be a key objective for future
research (Li et al., 2023a).

Considering that Grounding DINO was trained on limited
data, it provided reasonable bounding boxes for buildings.
In contrast, it failed on surface water detection, which can
be partly attributed to a lack of training examples for this
class. Surprisingly, RemoteSAM showed low quantitative
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Figure 9. Example predictions on the Surface Water Dataset of SAM Automatic classified with RemoteCLIP.

performance and fragmented masks, despite being trained
on geospatial datasets with abundant building and
surface water annotations. These findings suggest that
domain-specific pre-training alone does not guarantee
generalization in zero-shot geospatial segmentation.

Combining CLIP with SAM Automatic creates an
effective instance segmentation pipeline for aerial
imagery. RemoteCLIP’s domain knowledge of geospatial
data compared to CLIP showed improvements with both
datasets. However, this pipeline was still sensitive to
prompt wording, illumination, and object scale. Indeed,
SAM Automatic struggles with very small objects due
to its grid-based segmentation approach and limited
granularity. Finally, adding a few-shot adapter to CLIP
improved building detection but did not fully resolve
issues with surface water segmentation.

6 Conclusion

In this study, we evaluate three general-purpose FMs,
SAM, Grounding DINO, and CLIP, on two geospatial
datasets for building and surface water segmentation.
We compare their performance with the domain-
specific alternatives, RemoteSAM and RemoteCLIP.
Our work explores cooperative model pipelines by
combining different FMs to evaluate their potential zero-
and few-shot segmentation capabilities on geospatial

imagery with varying spatial resolutions and appearance
characteristics. Our results demonstrate that zero- and
few-shot performance is strongly influenced by dataset
characteristics, object scale, and prompt semantics.
This highlights the limitations of current FMs with
visually and semantically complex geospatial data. Indeed,
current modeling focuses on conventional benchmarks
but neglects their cross-domain capabilities, which limits
their potential. Therefore, we reiterate the importance of
dataset diversity, prompt design, and cooperative model
pipelines for improving generalizability across domains,
especially in more complex disciplines such as medical
imaging and remote sensing. Instead of relying solely on
domain-specific FMs, our findings suggest that careful
combinations of general-purpose models and lightweight
adaptation strategies to infuse domain knowledge could
offer a practical path with geospatial data.
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