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Abstract. The Segment Anything Model (SAM) exhibits remarkable
versatility and zero-shot learning abilities, owing largely to its exten-
sive training data (SA-1B). Recognizing SAM’s dependency on man-
ual guidance given its category-agnostic nature, we identified unexplored
potential within few-shot semantic segmentation tasks for remote sens-
ing imagery. This research introduces a structured framework designed
for the automation of few-shot semantic segmentation. It utilizes the
SAM model and facilitates a more efficient generation of semantically dis-
cernible segmentation outcomes. Central to our methodology is a novel
automatic prompt learning approach, leveraging prior guided mask to
produce coarse pixel-wise prompts for SAM. Extensive experiments on
the DLRSD datasets underlines the superiority of our approach, outper-
forming other available few-shot methodologies.

Keywords: Remote sensing images · visual foundation model ·
semantic segmentation · prompt learning

1 Introduction

Recent advancements in remote sensing technologies [18,21,34] have revolution-
ized the way we collect and analyze data relevant to our understanding of the
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Earth’s surface. The data collected from these methods serve central to a mul-
titude of applications such as weather forecasting [9], environmental monitor-
ing [15], urban planning [32], and defense intelligence [20]. Despite the wealth of
data made available through remote sensing, effective utilization of this informa-
tion poses a significant challenge. One bottleneck lies in the semantic segmenta-
tion of the remote sensing imagery [22,35]. Traditional methods rely heavily on
manual guidance, which is both time-inefficient and susceptible to human error.

The Segment Anything Model (SAM) [14], an example of large vision models,
demonstrates considerable versatility and zero-shot learning [24] abilities, pow-
ered by its rich training data. However, its ability to perform one-shot or few-shot
semantic segmentation tasks for remote sensing imagery [4,30] remains largely
underexplored. The SAM model’s design is category-agnostic, which inevitably
forces reliance on manual guidance. Recognizing the potential and the need to
optimize this aspect, we ventured into the integration of few-shot learning in
this regard.

In this research, we introduce a novel few-shot semantic segmentation algo-
rithm designed to automate the semantic segmentation process termed Self-
guided Large Vision Model (Few-shot SLVM). Our approach enables the use of
the SAM model with the intent to achieve efficient generation of semantically
rich segmentation outcomes. The cornerstone of this method is an innovative
automatic prompt learning technique that leverages prior guided masks to pro-
duce coarse pixel-wise prompts for SAM, bypassing the need for intensive manual
guidance.

The framework we propose for few-shot semantic segmentation provides a
promising avenue for the efficient parsing of remote sensing imagery. The sys-
tem’s capacity to produce high-quality segmented images with limited supervi-
sion is bound to drive advancements in various applications dependent on remote
sensing. We focused our experiments on the DLRSD [26] datasets with the goal of
validating the superiority of this approach over other existing methodologies for
few-shot semantic segmentation, particularly in the context of remote sensing.

To summarize, our major contributions are:

1) We introduce the Self-guided Large Vision Model (Few-shot SLVM), a novel
few-shot semantic segmentation framework, that significantly automates the
segmentation process for remote sensing imagery without heavy reliance on
manual guidance.

2) We propose an innovative ‘automatic prompt learning’ technique using the
Segment Anything Model (SAM) for rendering coarse pixel-wise prompts,
bringing a novel solution to semantic segmentation of remote sensing imagery.

3) We carry out extensive benchmarking on the DLRSD datasets, showcasing
the superiority of our methodology against existing few-shot segmentation
techniques within the domain of remote sensing.

2 Related Work

In this section, we initially introduce recent work in the field of semantic segmen-
tation, laying the foundation for essential context with regards to our proposed
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method. Subsequently, we steer our focus towards the few-shot semantic seg-
mentation techniques that underpin our proposed method while concluding this
section with a discussion on the few-shot learning approaches that are explicitly
designed for semantic segmentation of aerial imagery.

2.1 Semantic Segmentation for Visual Scenes

Semantic segmentation forms a critical research area within computer vision,
carrying substantial impact on interpreting visual scenes. Several works exe-
cuted on traditional datasets [14,19] have relied heavily on conventional Convo-
lutional Neural Networks (CNNs), yielding valuable but large-dataset-dependent
methods [7,36]. FCN (Fully Convolutional Network) [17], as one of the pio-
neering CNN-based segmentation methods, has played a crucial role in shaping
the development of Encoder-Decoder networks. Building upon the rich founda-
tion of FCN and integrating skip connections, U-Net [25] has emerged as an
effective solution for various biomedical segmentation tasks, including cell and
nucleus segmentation, tumor detection, and organ segmentation. DeepLab [1–3],
an improvement over FCN, exploits atrous convolution to enlarge the receptive
field of convolutional neural networks without inflating the number of parame-
ters. These aforementioned CNN network architectures have exhibited notable
performance in semantic segmentation tasks. Due to their remarkable achieve-
ments, CNNs have attracted significant attention and extensive research efforts.
Densely Connected Convolutional Network (DenseNet) [11] and ShuffleNet [37]
are among the CNN-based models that have been explored for image semantic
segmentation. While these methods offer valuable insights, they often encounter
challenges concerning time-efficiency, primarily due to their heavy reliance on
large-scale annotated datasets.

2.2 Few-Shot Learning and Large Vision Models

Few-shot learning has emerged as an effective approach for semantic segmen-
tation, as it can generalize from limited data [28,31]. The success of few-shot
learning heavily depends on the transferability of the trained neural networks.
In terms of distance measurement, certain metric learning methods aim to
learn a metric space by computing distances between instances and new cat-
egories [27,30]. Additionally, meta-learning has been proposed to enhance the
few-shot adaptation ability of models by discovering a set of initialized param-
eters that can rapidly adapt to novel domains [5]. In recent years, Large Vision
Models, like GPT-3 [6] and CLIP [23], have sparked interest in the field of
few-shot learning due to their impressive performance in numerous visual and
text-based tasks, including SAM [14] due to its strong zero-shot adaptation per-
formance. CoOp [39] introduces prompt learning concept, borrowed from natural
language processing (NLP), into the vision domain to adapt pre-trained vision-
language models for better performance. CoCoOp [38] takes this a step further
by learning a lightweight neural network that generates an input-conditional
token (vector) for each image. This dynamic prompt adapts to each instance,
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making the model less sensitive to class shift. The Clip-Adapter [8] is proposed
to adapt the Adapter to specific downstream tasks by fine-tuning it while keep-
ing the CLIP [23] model pre-training weights unchanged. Furthermore, several
subsequent works have been proposed [12,16,29] to further tailor large visual
models for diverse visual tasks. In contrast to these approaches, our primary
focus in this study is on the few-shot semantic segmentation task of the visual
language model for remote sensing imagery.

2.3 Few-Shot Learning in Semantic Segmentation of Remote
Sensing Imagery

Efforts focused on the application of few-shot learning for semantic segmentation
of remote sensing imagery are limited [19,30]. Jiang et al. [13] propose a deep
metric learning-based method that maps images into a feature space where the
distance reflects semantic similarity. This method enables the model to effectively
identify and segment new classes with only a few examples. DMML-Net [30]
addresses the issue by formulating segmentation as a metric-based pixel classi-
fication task. The network architecture includes a deep feature pyramid com-
parison network that supports multiscale metric learning, allowing the model to
learn a robust feature representation at multiple scales. Chen et al. [4] introduce
a contrastive learning framework for few-shot learning scenarios, aimed at learn-
ing generalizable and discriminative features from both labeled and unlabeled
data. While studies by [10,33] have shown promising gains in using SAM for
semantic segmentation tasks in medical imaging, the application of large vision
models remains largely limited to medical imaging, despite its high potential
applicability and relevance to remote sensing imagery.

3 Methodology

Our methodology outlines the systematic integration of the Segment Anything
Model (SAM), Prior Guided Metric Learning, and an innovative few-shot learn-
ing setup to effectively automate semantic segmentation within the setting of
remote sensing imagery. To provide more insight, we denote the training dataset
as D = {I, T}, support set as Ds = {Is, Ts}, and query set as Dq = {Iq, Tq},
where I = {i1, ..., in} represents images, and T = {t1, ..., tn} corresponds to
their segmentation ground truth. The primary objective is to design a plug-
and-play self-prompting module, enabling SAM to obtain the location and size
information of the segmentation target, only necessitating a few labeled data,
for instance k images (Fig. 1).

3.1 Prior Guided Metric Learning

Assuming an input image X and the output segmentation mask Y , with the
encoder function E(·) and decoder function D(·) of the Segment Anything Model
(SAM), we can define the process of generating the mask for SAM as follows:

Y = D(E(X)) (1)
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Fig. 1. The overview of our proposed Few-shot Semantic Segmentation framework
based on Self-guided Large Vision Model (Few-shot SLVM). We utilize the pretrained
Large Vision Model, SAM, to extract both high-level (H) and intermediate (M) seman-
tic features from support and query images. The pre-trained high-level features with a
support mask are transformed into prior mask utilizing cosine similarity measures. We
take the query features and generated prior mask as input to produce coarse pixel-wise
prompts for SAM. During the training process, the model is trained using the image
embeddings from the SAM encoder and the resized ground truth label, while the cum-
bersome encoder, prompt encoder, and decoder parts of the SAM structure are kept
frozen.

where E represents a pre-trained image embedding encoder and D is a learned
mask decoder, the Prior Guided Metric Learning Module is introduced to incor-
porate prior information with the prompt. Specifically, after passing through the
powerful encoder of the large vision model SAM, we first perform the Hadamard
product between the high-level support features EH(IS) and the mask M . Sub-
sequently, we use cosine similarity to calculate the pixel-wise association between
the high-level query features EH(IQ) and the mask-weighted support features,
defined as:

P = cosine(EH(IQ), EH(IS) � M) (2)

By concatenating the intermediate query features EM (IQ) with the pixel-level
prior-guided information P , new query features are generated to effectively inte-
grate the support information with the prior information, resulting in enhanced
segmentation results.

3.2 Self-prompt Generation

In this step, we design a novel automatic prompt learning method that gener-
ates coarse pixel-wise prompts for SAM from the prior mask YP to guide the
segmentation prediction. To ensure the spatial alignment between the dense
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mask prompt and the image, the mask is initially fed to the network at a res-
olution 4 times lower than the original image. Further downsampling is done
through two 2× 2 convolutions with a stride of 2, yielding output channels of 4
and 16, respectively. Following [14], each layer is separated by GELU activations
and layer normalization. Then, the mask and image embeddings are combined
through element-wise addition.

To effectively map image embeddings and dense mask prompt embeddings to
the output mask, a learned output token embedding is initially incorporated into
the prompt embeddings set. In order to provide the decoder with essential geo-
metric information, the dense mask prompt embeddings are utilized as position
encodings. These position encodings are then added to the image embeddings
as guiding cues whenever the attention layer incorporates the position encoding.
Following the execution of the decoder, the updated image embedding undergoes
unsampling by a factor of 4× using two transposed convolutional layers. Subse-
quently, the tokens re-attend to the image embedding, and the modified output
token embedding is fed into a compact MLP consisting of three layers. This
MLP generates a vector that aligns with the channel dimension of the upscaled
image embedding. Finally, the model predicts a mask by performing a spatially
point-wise product between the upscaled image embedding and the output of
the MLP. In this step, we introduce a prompt indicator W to assign weights
to the guided embeddings. The prompt indicator W is calculated based on the
confidence of the prior mask YP . As a result, the reformulated output mask Y
is obtained using the following formulation:

Y = D(W � E(X), (1 − W ) � E(YP )) (3)

During the training process, both the cumbersome encoder and decoder of SAM
are kept frozen, guiding it to focus on the area of interest through the continuous
optimization of self-guided prompt embeddings.

3.3 Few-Shot Learning Adaptation

Our proposed Few-shot Self-guided Large Vision Model (SLVM) functions by
learning from a limited set of support examples and extrapolating this learning
to the query set. For this, we employ a cosine similarity loss function, defined
as:

L =
1
N

N∑

i=1

(
1 − Yi · Ti

‖Yi‖ · ‖Ti‖
)

(4)

Lastly, to enhance performance, we introduce a fine-tuning strategy. The training
objective comprises both the Self-guidance loss Ls and the Fine-tuning loss Lf ,
represented as:

Ltotal = αLs + βLf (5)

The strategy operates with a two-fold phase that initially trains with self-
guidance loss only and then fine-tunes using the total loss. Through this detailed
walkthrough of our method, we lay out the blueprint of our Few-shot SLVM
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Table 1. Comparisons of few-shot segmentation performance between our proposed
Few-shot SLVM and other methods under different splits on the DLRSD dataset.

Methods 1-Shot 5-Shot

Fold-0 Fold-1 Fold-2 Fold-3 Mean Fold-0 Fold-1 Fold-2 Fold-3 Mean

CANet 25.31 12.55 18.41 26.66 20.73 28.29 17.10 21.36 29.45 24.05

PANet 36.15 20.55 26.98 38.41 30.52 40.85 23.61 35.87 45.67 36.50

DMML-Net 45.03 31.23 47.38 47.17 42.70 57.23 39.86 56.62 62.60 54.08

Ours 50.70 34.15 50.47 43.64 44.74 61.90 52.20 58.72 60.05 58.22

model’s capability to combine the power of SAM, few-shot learning, and prior
metric learning for semantic segmentation in remote sensing images.

4 Experiments

4.1 Datasets

DLRSD dataset [26] employed in the experiments comprises 2100 high-
resolution aerial images, with each image having dimensions of 256× 256 pixels.
These images encompass 17 distinct object classes, including airplanes, bare soil,
buildings, cars, and various others. Each sample in the dataset is labeled with
pixel-level annotations, providing detailed ground truth information for precise
object segmentation. The dataset poses several challenges encountered in real-
world scenarios, such as occlusion, shadows, and variations in terrain scales,
making it a valuable resource for evaluating algorithms robustness. Similar to
the methodology of Wang et al. [30], the DLRSD dataset is partitioned into
four separate folds. The first three folds consist of four categories each, while
the fourth fold includes five categories, namely sea, ship, tank, tree, and water.
This partitioning allows for a more comprehensive evaluation and analysis of the
proposed method’s performance on different object classes and scenarios.

4.2 Implement Details

For the following experiments, we employ the SAM ViT-Huge model as our back-
bone. During the training phase, we utilize the PyTorch framework and trained
end-to-end with the AdamW optimizer. We use a mini-batch size of 8 and set the
initial learning rate to 0.00025. To decay the learning rate, we employ a Cosine
Annealing scheduler and the momentum is set to 0.9. For data augmentation, we
randomly perform flipping (vertically or horizontally) and rotation operations
on the input images, with a resulting size of 256× 256 pixels. All experiments
are conducted on 2 NVIDIA GeForce RTX 3090 Ti GPUs, and the training pro-
cess lasts for 1000 epochs. By utilizing appropriate pretrained backbones and
carefully setting hyperparameters, we achieve optimal performance in terms of
accuracy and efficiency in our experiments.
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Fig. 2. Qualitative results of the baseline and our proposed Few-shot Semantic Seg-
mentation framework based on Self-guided Large Vision Model (Few-shot SLVM). The
samples are from iSAID-5i dataset. (a) Support images. (b) Support masks. (c) Query
images. (d) Ground truth of query images. (e) Predictions of baseline. (f) Predictions
of ours.

4.3 Results

To provide a comprehensive evaluation, we compared our proposed Few-shot
SLVM with three other state-of-the-art few-shot segmentation methods evalu-
ated on the DLRSD dataset, taking into account the 1-shot and 5-shot settings,
and utilizing mean intersection over union (mIoU) as the evaluation metric.

Comparative Analysis: As Table 1 depicts, Few-shot SLVM surpasses com-
peting methodologies, underscoring its robustness and accuracy. The mean IoU
at the 1-shot and 5-shot settings improved by 2.04% and 4.14% over the clos-
est competing models, which demonstrates the model’s superior segmentation
quality. Particularly, in the case of chaparral, court, dock, and field categories
within fold-1, which encompass diverse objects and background regions with
indistinct boundaries and complex scale variations, our proposed method exhib-
ited a 12.34% performance boost in comparison to the second-ranked method.
This substantiates the notion that our method effectively incorporates more
intricate details and features, enhancing its perceptual capabilities to tackle chal-
lenges such as blurred boundaries and complex scale changes.

Qualitative Analysis: As shown in Fig. 2, we also provide a qualitative com-
parison of the results between the proposed Few-shot SLVM and the baseline for
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a more thorough understanding of the few-shot learning representation. The visu-
alized results reveal notable disparities. Specifically, the segmentation outcomes
obtained by the baseline model exhibit significant issues of semantic boundary
ambiguity in a wide range of complex object regions. In contrast, the proposed
method achieves more comprehensive and accurate segmentation results, par-
ticularly in terms of boundaries. Moreover, our approach effectively mitigates
the problem of missing target areas observed in the baseline model for certain
ground objects.

4.4 Ablation Study

We performed an ablation study to understand the contribution of each compo-
nent in our model. We focused on three main modules: (1) Automatic Prompt
Learning (APL), (2) Prior Guided Metric Learning (PGML), and (3) Few-Shot
Learning Adaptation (FSLA). Results from the ablation study:

Table 2. Ablation study on the proposed components of our method on the DLRSD
dataset under one-shot setting.

Methods Fold-0 Fold-1 Fold-2 Fold-3 Mean

APL PGML FSLA

– – – 39.02 21.19 38.70 36.04 33.74

� 46.77 27.30 46.44 41.85 40.59

� � 50.66 31.35 45.03 42.16 42.30

� � � 50.70 34.15 50.47 43.64 44.74

Ablation Study Insights: The stark performance drop in the absence of ‘Auto-
matic Prompt Learning’ (Table 2) confirms its centrality in generating precise
segmentation prompts, contributing to an overall 6.85% increase in Mean IoU.
Similarly, disabling ‘Few-Shot Learning Adaptation’ leads to performance degra-
dation, highlighting its role in enhancing the model’s adaptability to limited data
scenarios.

Module Effectiveness: 1. Automatic Prompt Learning: The value of the
APL component is evident from the substantial uptick in the overall accuracy.
Through the automation of prompt generation, it diminishes reliance on manual
interventions. This hastens the segmentation workflow and either maintains or
heightens the quality of the results. The difference in the mean IoU between the
model with no components and the one with APL indicates a marked improve-
ment of 6.85%, underscoring the importance of APL. 2. Prior Guided Metric
Learning (PGML): Delving into the performance with and without the PGML,
the significance of this module comes to light. When we compare the model
with only APL to the one equipped with both APL and PGML, there’s a mod-
est increase in Mean IoU from 40.59% to 42.30%. This suggests that PGML
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refines the feature representations and contributes to better distance metrics.
By incorporating prior knowledge, PGML offers a more informed and directed
approach to metric learning, thus making the model more resilient and effective
in differentiating between classes. 3. Few-Shot Learning Adaptation: The FSLA
component bolsters the model’s ability to learn from limited data. This trait
is paramount, especially in remote sensing scenarios where access to abundant
labeled data might be constrained. Its role is apparent in the enhancement of the
model’s generalization capabilities, especially on classes that are either unseen or
minimally represented. The final row of the table demonstrates that integrating
FSLA boosts the mean IoU to 44.74%, the best among the configurations.

5 Conclusion

In conclusion, this research emphasizes the advancements brought forth by the
Few-Shot Self-guided Large Vision Model (Few-shot SLVM) in few-shot seman-
tic segmentation for remote sensing imagery. The Few-shot SLVM integrates
three pivotal modules: Automatic Prompt Learning (APL), Prior Guided Metric
Learning (PGML), and Few-Shot Learning Adaptation (FSLA). APL stream-
lines the segmentation process, reducing manual input and enhancing accuracy.
PGML optimizes feature representation, refining class differentiation and subse-
quently boosting the mean IoU. FSLA excels in limited data scenarios, improving
model generalization for rare or unseen classes. Collectively, these components
elevate the Few-shot SLVM to deliver state-of-the-art results in few-shot remote
sensing segmentation. Future endeavors will focus on refining these modules and
extending their applicability across broader datasets for robust model validation.
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