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Abstract


High-resolution remote sensing satellites have revolutionized remote sensing research, yet accurately segmenting specific targets from complex satellite imagery remains challenging. While the Segment Anything Model (SAM) has emerged as a promising universal segmentation model, its direct application to remote sensing imagery yields suboptimal results. To address these limitations, we propose RSAM-Seg, a novel deep learning model adapted from SAM specifically designed for remote sensing applications. Our model incorporates two key components: Adapter-Scale and Adapter-Feature modules. The Adapter-Scale modules, integrated within Vision Transformer (ViT) blocks, enhance model adaptability through learnable transformations, while the Adapter-Feature modules, positioned between ViT blocks, generate image-informed prompts by incorporating task-specific information. Extensive experiments across four binary and two multi-class segmentation scenarios demonstrate the superior performance of RSAM-Seg, achieving an   F 1   score of 0.815 in cloud detection, 0.834 in building segmentation, and 0.755 in road extraction, consistently outperforming established architectures like U-Net, DeepLabV3+, and Segformer. Moreover, RSAM-Seg shows significant improvements of up to 56.5% in   F 1   score compared to the original SAM. In addition, RSAM-Seg maintains robust performance in few-shot learning scenarios, achieving an   F 1   score of 0.656 with only 1% of the training data and increasing to 0.815 with full data availability. Furthermore, RSAM-Seg exhibits the capability to detect missing areas within the ground truth of certain datasets, highlighting its capability for completion.
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1. Introduction


With the development of remote sensing satellite technology, high-resolution remote sensing images have been widely used in various fields, such as cloud detection, urban infrastructure assessment, agricultural land planning, and road condition analysis [1,2,3,4,5]. Cloud detection plays a pivotal role as the initial step in the data processing pipeline for Earth observation and remote sensing technologies [6]. Urban infrastructure assessment leverages remote sensing capabilities to evaluate a diverse range of structures, including buildings, roads, and bridges, supporting maintenance and planning efforts [7]. Furthermore, in the realm of agricultural land planning, remote sensing assumes a crucial function by monitoring crop health, scrutinizing land use patterns, and optimizing irrigation management to enhance farming practices [8].



The fundamental challenge in remote sensing image segmentation lies in the complex characteristics of the objects of interest, including significant within-class variance, limited between-class variance, and various forms of degradation such as blurring and occlusion [9]. These challenges are further compounded by the scarcity of high-quality labeled data and the difficulty in transferring models across different remote sensing scenarios. While existing methods have made progress, they still struggle with these core issues, particularly in terms of generalization ability and the need for extensive manual intervention or domain-specific adjustments [10].



Thus, a multitude of methods have been proposed to address the above issues, which can be generally divided into three categories: threshold-based algorithms, classical machine learning algorithms, and deep learning algorithms [11,12,13,14,15]. Threshold-based algorithms require extensive expert knowledge and predesigned rules, leading to high costs and limited scalability [16,17,18]. Classical machine learning approaches, such as Support Vector Machines (SVMs) and Random Forest (RF), have achieved some success in remote sensing scenarios [19,20,21]. However, these methods often struggle with generalization. The performance of SVMs heavily depends on kernel selection [22], while an RF model trained on one region is not applicable or transferable to new regions and depends on the number of variables used for splitting the tree nodes [23,24]. Deep learning methods have demonstrated improved capabilities but still face challenges in handling the unique characteristics of remote sensing imagery, particularly regarding the scarcity of labeled data and domain adaptation [10]. To overcome this challenge, innovative strategies like domain adaptation or incorporating prior information are needed. These strategies help the model better utilize available data and extract meaningful features specific to the remote sensing domain, enhancing the model’s ability to generalize and perform effectively in diverse applications [25,26,27,28,29].



Recently, the general-purpose vision segmentation models have brought new and more effective solutions to the field of image segmentation [30,31]. These models are pretrained on large amounts of data and can be generalized to new tasks and data distributions through the use of prompt engineering, demonstrating outstanding capabilities in few-shot and zero-shot learning [29,30,31]. SAM is a new general-purpose vision segmentation model based on Natural Language Processing (NLP) developed by Meta [32,33]. It focuses on promptable segmentation tasks and uses prompt engineering to adjust to various downstream segmentation tasks. SAM can automatically identify objects present in an image and immediately provide segmentation masks through different types of prompts (points and boxes) [32], which is considered to be a game-changer in the field of image segmentation. Additionally, it can achieve the fully automated segmentation of potential objects within images in the segment everything mode without the need for additional task-specific or dataset-specific adaptation (such as training). The success of the model stems from its large-scale pretraining on diverse image data and its prompt-based design that allows for dynamic adaptation to different segmentation scenarios.



However, two critical limitations emerge when applying SAM to remote sensing tasks:




	1.

	
Domain Mismatch: The pretraining of SAM primarily focuses on natural images, leading to suboptimal performance on remote sensing imagery. Remote sensing data presents unique challenges, such as varied spatial resolutions, complex atmospheric effects, and distinct object characteristics that differ significantly from natural images.




	2.

	
Manual Prompt Dependency: SAM requires manual prompt inputs for optimal performance, which becomes impractical in large-scale remote sensing applications. The quality and placement of prompts significantly influence segmentation results, introducing variability and reducing efficiency in automated processing pipelines.









Figure 1 illustrates the results of the promptable segmentation mode in comparison to the original image, specifically within the context of cloud cover, agricultural fields, and buildings and road segmentation scenarios. From left to right, the figure shows the original image, the ground truth, the results of the point prompt mode, box prompt mode, and the segment everything mode of SAM. The positions of the point and box prompt modes are indicated in green. For each image, we selected regions marked by the ground truth to provide prompts. The red overlay indicates the segmentation results. By comparing the ground truth, the instances of under-segmentation and over-segmentation in both point and box prompt modes across multiple scenarios can be observed. Specifically, the point prompt is ineffective in distinguishing roads in road segmentation scenes. Additionally, in the segment everything mode, the discontinuous and irregular characteristics of cloud layers in the first row images lead to mis-segmentation and the segmentation of multiple incorrect classes.



To address these limitations, we propose RSAM-Seg, a novel adaptation of SAM that is specifically designed for remote sensing applications. RSAM-Seg introduces two key innovations: an automatic prompt generation mechanism that eliminates manual intervention and a domain-specific enhancement module optimized for remote sensing imagery characteristics. While the original SAM model demonstrates limited effectiveness in remote sensing applications, with only a 0.19   J a c c a r d   index in cloud detection, RSAM-Seg significantly improves performance by first extracting dataset-specific features and then integrating generated prompts with image embeddings into the encoder’s ViT blocks. This approach consistently outperforms both conventional deep learning methods and existing SAM variants, achieving a 0.73   J a c c a r d   index in cloud detection, 0.84 mean IoU in building detection, and 0.75   F 1   score in road mapping. Conventional deep learning architectures such as U-Net and DeepLabV3+ show limited capability in handling complex remote sensing scenes, reaching only 0.50 and 0.30   J a c c a r d   indices in field monitoring tasks. RSAM-Seg enhances feature representation by incorporating prior knowledge through high-frequency components derived from fast Fourier transform, enabling superior performance in challenging scenarios, including cloud-snow differentiation and multi-class land cover segmentation. The effectiveness of our model was validated through extensive experiments across binary segmentation tasks in cloud detection, field monitoring, building detection, and road mapping, as well as multi-class segmentation tasks in cloud-like features and land cover classification.



The main contributions of the work are summarized as follows:




	1.

	
We propose RSAM-Seg, a novel deep learning model for object segmentation tasks in remote sensing images, demonstrating better adaptability and eliminating the need for manual intervention to provide prompts, thereby streamlining the workflow;




	2.

	
RSAM-Seg can incorporate custom, task-specific prior information, making it adaptable to diverse tasks in the remote sensing field;




	3.

	
RSAM-Seg outperforms the original SAM, DeepLabV3+, Segformer, and U-Net models across diverse scenarios, including binary segmentation tasks such as cloud detection, building identification, field monitoring, and road mapping. It also excels in multi-class segmentation challenges, particularly in cloud-like scenarios and land-cover segmentation tasks;




	4.

	
RSAM-Seg effectively identifies missing areas within the ground truths of certain datasets and demonstrates robust few-shot learning capabilities, enhancing its reliability and versatility in practical applications.









The rest of this article is organized as follows. Section 2 provides an overview of the related work in the field of remote sensing segmentation tasks. Section 3 presents the proposed model for the tasks. In Section 4, the datasets are described in detail. Section 5 discusses the experimental settings and performance metrics. The experimental results and analysis are presented in Section 6. Section 7 offers a comprehensive discussion of the findings. Finally, Section 8 concludes the article by summarizing the main contributions and highlighting future research directions.




2. Related Work


In recent years, deep learning methods have been widely applied to segmentation tasks in remote sensing [34,35]. Since deep learning networks are typically trained using large datasets to learn specific features and patterns within the input data, which are then used to classify new data, they can be categorized into four types based on the availability of labeled training data: supervised learning, weakly supervised learning, unsupervised learning, and few-shot learning [11].



2.1. Supervised Learning


Over the past 10 years of its development, supervised learning has witnessed the emergence of Convolutional Neural Network (CNN). CNN extracts local features from images through convolutional operations and then reduces the dimensionality of the feature map through pooling operations [11]. Liu et al. developed a Mask R-CNN and DBSCAN-based method for the automatic segmentation of overlapped poplar seedling leaves under stress conditions [36]. DeepLab, a CNN-based model, utilizes techniques such as dilated convolution and multi-scale pyramid pooling to improve segmentation accuracy. It performs well in the field of remote sensing image processing and has been widely used in high-resolution remote sensing image segmentation tasks [37]. DeepLab V3 and DeepLab V3+ are the successors of DeepLab [37,38]. DeepLab V3 applies global average pooling to the last feature map of the model. DeepLab V3+ adds a decoder module to DeepLab V3 to refine the boundary details. Liu et al. proposed FieldSeg-DA based on DeepLab V3+ to automatically extract individual arable fields (IAFs) from Chinese Gaofen-2 images [38]. U-Net, a neural network based on CNN but that utilizes the Encoder-Decoder architecture, has shown excellent performance in the field of image segmentation tasks [39]. Improved networks based on the U-Net structure have gained considerable attention for their potential in remote sensing image segmentation. Sun et al. proposed L-UNet, which replaces the partial convolution layers of U-Net with Conv-LSTM and Atrous in order to improve both the quantity and quality of the network compared to the original U-Net [40]. Hou et al. proposed C-UNet on the basis of the standard U-Net, where four more modules are added for road extraction tasks and show improved performance compared to the standard U-Net [41]. Xie et al. proposed SegFormer, which is an efficient transformer-based architecture for semantic segmentation. Segformer achieves competitive performance on various benchmarks without positional encodings in dense prediction tasks [42]. Zhou et al. introduced D-LinkNet, a semantic segmentation architecture for road extraction from high-resolution satellite imagery. The network employs a LinkNet architecture featuring a pretrained ResNet34 encoder and innovative dilated convolution layers in the central region, which enhance the receptive field while preserving feature map resolution, thereby effectively tackling the challenges presented by elongated road structures in large images [43].




2.2. Weakly Supervised Learning


In the field of weakly supervised learning, semantic segmentation with weak supervision offers a potential solution to address the challenges associated with labeling complexity in land cover segmentation. Weakly Supervised Semantic Segmentation (WSS) methods often rely on the utilization of Class Activation Maps (CAMs), which are CNN-trained for image-level segmentation to perform the rough localization of object areas based on global average pooling or gradient backpropagation and have been widely used for natural images [22,44,45,46]. Fu et al. proposed WSF-Net, which calculates CAMs using the fused features of objects in remote sensing images, especially in water and cloud scenarios [47]. Wang et al. proposed U-CAM, which adapts CAMs for U-Net to perform cropland segmentation [48]. Nyborg et al. proposed the utilization of fixed-point Generative Adversarial Network (GAN) for weakly supervised cloud detection, referred to as FCD [49]. Chen et al. utilized a WSS framework based on point labels with a transfer method to accurately classify land cover with minimal human intervention [50]. Wang et al. proposed a novel RS-WSOD framework, which addresses the challenges of background noises and missing detections in remote sensing images [51]. Xu et al. proposed the Consistency-Regularized Region-Growing Network (CRGNet) for semantic segmentation of urban scenes, leveraging point-level labels [52].




2.3. Unsupervised Learning


Unsupervised learning addresses the reliance on annotated data and domain shifts in high-resolution remote sensing imagery. Zhu et al. proposed Memory Adapt Net (MAN), which establishes an adversarial learning scheme in the output space to bridge the domain distribution discrepancy between the source and the target domains to perform cross-domain segmentation tasks on high-resolution remote sensing imagery [53]. Chen et al. proposed a category certainty attention mechanism to effectively handle unadapted regions for the semantic segmentation of high-resolution satellite imagery [54]. Li et al. employed an objective function that integrated multiple weakly supervised constraints to minimize the distributional shift of data between the source and target domains to address challenges related to sensor and landscape variations in diverse geographic locations [55]. Zhang et al. proposed a stagewise domain adaptation model called RoadDA that aimed to align the features of the source and target domains through interdomain adaptation using GAN to achieve promising road segmentation on unlabeled target images [56]. Chen et al. proposed an unsupervised domain adaptation method and a contrastive learning-based Memory-Contracted (MCD) module for building extraction in high-resolution remote sensing imagery [57]. Cai et al. proposed a segmentation model from two opposite directions, where source domain images are transformed into images featuring the style of the target domain, and then the classifier is adapted to the target domain to improve the performance of the cross-domain semantic segmentation in urban city areas [58].




2.4. Few-Shot and Zero-Shot Learning


Recently, few-shot learning, as a nascent method within weakly supervised learning, has gained attention in the field of remote sensing to address the issue of limited datasets [59]. Zhang et al. first introduced the concept of few-shot learning [60]. The prior-knowledge-based method utilizes pretraining on various other datasets to continuously accumulate learning ability and experience. Task-specific knowledge is incorporated into the network backbone through various methods for the task of few-shot semantic segmentation in aerial images [59,61,62]. Li et al. proposed SCL-MLNet to boost few-shot segmentation in remote sensing scenarios through the fusion of multi-scale spatial features and the integration of self-supervised contrastive learning methods [63]. Liu et al. enforced the tunable parameters, focusing on the explicit individual image, and achieved high performances on task-specific tasks [62]. By leveraging the acquired general knowledge, the model can achieve fast learning with only a small amount of labeled data. Pre-trained models have emerged as a key enhancement to few-shot learning performance, primarily implemented through either utilizing similar labeled datasets or pretraining on unlabeled datasets [64]. An et al. developed PIS, a self-supervised pretraining approach that leverages temporal information and intra-instance variations in remote sensing images to build a foundation model, demonstrating superior transferability across multiple downstream tasks compared to traditional contrastive learning methods [65]. Li et al. introduced a mask-guided correlation learning (MGCL) framework for few-shot remote sensing image segmentation, which achieved state-of-the-art performance with a   m I o U   of 39.92 on the iSAID-5i dataset through novel mask-guided feature enhancement and correlation mechanisms [66]. Li et al. proposed Meta-FSEO, leveraging self-supervised pretraining and embedding optimization to enable few-shot remote sensing scene classification, demonstrating superior performance over traditional meta-learning approaches in cross-regional urban scene recognition tasks [67]. Zhuang et al. proposed ProtoConViT, a hybrid CNN-ViT architecture that utilizes support query correlative guidance and heterogeneous prototype distillation to extract discriminative spatial contextual features for few-shot remote sensing scene classification [68]. Wang et al. leveraged prior knowledge through a pretrained building localization model and ImageNet-pretrained Siamese CNN architecture, enabling effective few-shot fine-tuning for rapid building damage assessment across different volcanic disaster scenarios with minimal labeled data [69].





3. Method


This section introduces RSAM-Seg, a model adapted from SAM architecture for remote sensing image segmentation tasks. The proposed model enhances feature extraction through Adapter-Scale and Adapter-Feature modules, enabling automatic prompt generation and image segmentation.



3.1. RSAM-Seg Architecture


RSAM-Seg uses SAM as the backbone, modifying and enhancing its encoder to automatically extract task-specific features from remote sensing datasets, generating prompts for segmentation tasks without human intervention. This adaptation enables better performance on remote sensing-related tasks. To be specific, the ViT blocks of the encoder are modified by incorporating Adapter-Scale inside and embedding Adapter-Feature between ViT layers to extract image information. Simultaneously, the prompts and image embeddings are generated and input into the ViT layer for training. We assume   P i   refers to the prompts generated from the extracted features of the image:


   P i  =  MLP up i  ( GELU (  MLP tune i  (  F pe  +  F hfc  ) ) )  



(1)




where i denotes each individual adapter between ViT layers.   F pe   and   F hfc   stand for the embedding features and High-Frequency Components (HFCs) features, respectively. In the Multi-Layer Perceptron (MLP) components,   MLP tune i   generates prompts from the combined embedding and HFC features. The GELU (Gaussian Error Linear Unit) activation function is then applied to introduce nonlinearity. Finally,   MLP up i   adjusts the dimension of the generated prompts. These dimension-adjusted prompts are subsequently input into the next layer of transformer blocks, along with the image embedding features. The mask decoder remains unchanged with no given prompt inputs. The architecture is shown in Figure 2A.




3.2. Adapter Details


Before introducing the adapter modules, we first briefly review the structure of the ViT blocks in the original SAM model. Each ViT block processes input, x, through multi-head self-attention (MHSA) mechanisms, followed by feed-forward networks (FFNs), with both components incorporating residual connections and layer normalization (LN):


  y = FFN ( LN ( x + MHSA ( x ) ) ) + x  



(2)




where x and y represent the input and output features, respectively. This basic structure, while effective for general vision tasks, requires adaptation for remote sensing-specific feature extraction.



3.2.1. Adapter-Scale


Adapter-Scale modules enhance the flexibility and adaptability of ViT blocks by introducing learnable, dimension-altering transformations with minimal additional parameters. Each ViT block in the encoder is modified by incorporating two Adapter-Scale modules (shown as light green areas in Figure 2B). Each Adapter-Scale module consists of three components: dimension reduction, GELU activation, and dimension restoration. The dimension reduction step employs an MLP layer to decrease the dimensionality of the embedding. After applying the GELU activation function, the embedding is returned to its original dimensionality using an MLP layer in the dimension restoration process. Within each ViT block, the first Adapter-Scale module is positioned before the multi-head attention blocks and residual connections, while the second is integrated within the residual structure of the MLP. A scale factor of 0.5 is applied to each adapter. The structure of ViT blocks and Adapter-Scale are shown in Figure 2B.




3.2.2. Adapter-Feature


Between the ViT layers, the Adapter-Feature module incorporates the extraction process of the HFC features and two MLPs. The structure of Adapter-Feature is shown in Figure 2C.



In the HFC features part, the HFCs of the images are extracted and then inputted as prompts into the encoder. For an image, I, with dimensions of   H × W  , high-frequency and low-frequency information can be extracted through fast Fourier transform (FFT) and inverse transforms. The high-frequency information of the image is of particular interest. Let  F  and   F  − 1    denote the FFT and its inverse transform. The frequency representation of image I is obtained using


  f = F ( I )  



(3)




where f represents the complex-valued frequency components. The original image can be reconstructed through the inverse transform:


  I =  F  − 1    ( f )   



(4)







To effectively isolate high-frequency components while preserving edge information, a frequency-selective mask centered at   (   H 2   ,   W 2   )   is applied in the Fourier domain. The binary mask    M h   ( τ )    is defined as


   M  h   i , j    ( τ )  =      0 ,        4   i −  H 2    j −  W 2      H W    ≤ τ       1 ,    otherwise      



(5)




where   τ ∈ [ 0 , 1 ]   determines the cutoff threshold between low and high frequencies. The parameter  τ  is empirically set to 0.5 to achieve optimal frequency separation. The high-frequency components are subsequently extracted using


   I  h f c   =  F  − 1    ( f ⊙  M h   ( τ )  )   



(6)




where ⊙ denotes element-wise multiplication. This operation effectively implements a high-pass filter in the frequency domain, preserving the detailed structural information while suppressing low-frequency components.



In the MLPs part,   MLP tune   generates prompts from the HFC features. After adjusting the dimension using   MLP up  , these prompts are input into the subsequent layer of ViT blocks, along with the image embedding features.






4. Datasets


The experimental datasets encompass diverse remote sensing scenarios, including four binary segmentation tasks, such as cloud detection, field monitoring, building detection, and road mapping, as well as two multi-class segmentation tasks focusing on cloud-like scenario segmentation and land-cover segmentation.



4.1. Binary Segmentation Datasets


Since buildings, clouds, roads, and fields are typical scenes in the realm of remote sensing, we select these four scenes to assess the performances of RSAM-Seg. Inria Aerial Image Labeling dataset, 38-Cloud dataset, DeepGlobe Roads dataset, and Field Delineation dataset were utilized to respectively evaluate the building, cloud, field, and road scenes [70,71,72,73].



 Inria : The Inria dataset covers 810 km2 (405 km2 for training and 405 km2 for testing) and contains aerial orthorectified color imagery with a spatial resolution of 0.3 m. The ground truth data are separated into two semantic classes: building and not building. The original resolution of each image is 5000 × 5000, which was then cropped to 1024 × 1024. The building dataset contains 2380 total patches, which are split into 1904 patches for training, 238 patches for validation, and 238 patches for testing (8:1:1 ratio).



38-Cloud: The 38-Cloud dataset is a public satellite cloud image dataset collected by the Landsat-8 satellite, comprising nine spectral bands. This study utilizes three commonly used bands—Band 2 (blue), Band 3 (green), and Band 4 (red)—to compose three-channel RGB images. The average cloud coverage of the Landsat-8 dataset is 51.6%. The original resolution of each image is 5000 × 5000, which was then cropped to 1024 × 1024 patches. The dataset contains 826 total patches, split into 660 patches for training, 83 for validation, and 83 for testing (8:1:1 ratio).



Sentinel-2: The Sentinel-2 field dataset has a resolution ranging from 10 to 60 m in the visible, near-infrared (VNIR), and short-wave infrared (SWIR) spectral zones, encompassing 13 spectral channels. This study focuses on agricultural field scenes from France. The dataset contains 1966 total patches, divided into 1566 patches for training, 200 patches for validation, and 200 patches for testing (approximately 8:1:1 ratio), with each image cropped to 224 × 224.



 DeepGlobe : The dataset contains 6226 RGB images with a resolution of 1024 × 1024, covering regions in Thailand, Indonesia, and India. The satellite imagery primarily features areas containing roads. Due to hardware capacity constraints, a subset of 3000 patches was selected and split into 2400 patches for training, 300 patches for validation, and 300 patches for testing (8:1:1 ratio).



The detailed information of four datasets is listed in Table 1. Figure 3 shows the original images and ground truth masks of each dataset.




4.2. Multi-Class Segmentation Dataset


4.2.1. Cloud-like Scenes Segmentation Dataset


The Cloud and Snow Dataset (CSWV) was selected as the cloud-like scenes segmentation dataset to evaluate the performance of RSAM-Seg in such scenarios, particularly in the segmentation of clouds and snow in mountainous regions [74]. This dataset contains two subdatasets: the submeter-level high-resolution cloud and snow dataset (CSWV_S6), which comprises six scenes with a resolution of 0.5 m, and the meter-level high-resolution cloud and snow dataset (CSWV_M21), which includes 21 resampled scenes with resolutions ranging from 1 to 10 m. In our experiments, CSWV_S6 was used as the training set, while CSWV_M21 was split for the validation and test sets. The final dataset contains 133 total patches, divided into 109 annotated patches for training, 12 annotated patches for validation, and 12 unlabeled patches for testing (approximately 8:1:1 ratio). Each image is cropped to a size of 1024 × 1024 pixels. The dataset includes three classes: cloud, snow, and background regions.




4.2.2. Land-Cover Scenes Segmentation Dataset


The Gaofen Image Dataset (GID) was selected as a land-cover scene dataset to evaluate the multi-class segmentation performance of RSAM-Seg. GID is a subset of Gaofen-2 (GF-2) satellite imagery, comprising 150 images with corresponding pixel-level annotations [75]. This dataset includes six semantic segmentation categories: build-up, farmland, forest, meadow, water, and background. The GF-2 satellite offers high-resolution imaging with a spatial resolution of 0.8 m for panchromatic and 3.2 m for multi-spectral images, a swath width of 45 km, and a 5-day repetition cycle, facilitating detailed and comprehensive multi-class segmentation analysis. Each image in the GID has a resolution of 7300 × 6908 pixels, with a total of 150 images. Due to computational constraints in our experiments, these images are cropped into patches of 1024 × 1024 pixels, and we created a subset of 3000 patches in total, which were split into 2400 patches for training, 300 annotated patches for validation, and 300 unlabeled patches for testing (8:1:1 ratio).



Figure 4 presents some images from the CSWV and GID datasets, with their ground truth masks also shown below.






5. Experiment Settings


5.1. Implementation Details


In the experiment, the ViT-L/14 version of SAM was utilized as the network backbone, and we trained all datasets using the AdamW optimizer. Additionally, cosine decay was applied to the learning rate, and Binary Cross-Entropy (BCE) was used as the loss function. The network was trained for 60 epochs on all datasets. RSAM-Seg was implemented in PyTorch v2.1.0, and an NVIDIA A40 (80 GB) GPUs were used for all experiments.




5.2. Performance Metrics


Six metrics were employed to evaluate the performance of RSAM-Seg on different datasets. These metrics are the following:




	1.

	
  J a c c a r d   index (IoU):


  J  ( A , B )  =    | A ∩ B |   | A ∪ B |    =    T P   T P + F P + F N     



(7)








	2.

	
  P r e c i s i o n  :


  P r e c i s i o n =    T P   T P + F P     



(8)








	3.

	
  R e c a l l  :


  R e c a l l =    T P   T P + F N     



(9)








	4.

	
  F 1   score:


  F 1 = 2 ·    P r e c i s i o n · R e c a l l   P r e c i s i o n + R e c a l l    =    2 T P   2 T P + F P + F N     



(10)








	5.

	
Overall accuracy:


  A c c u r a c y =    T P + T N   T P + T N + F P + F N     



(11)








	6.

	
  m I o U   (mean intersection over union):


  m I o U =   1 n    ∑  i = 1  n     T  P i    T  P i  + F  P i  + F  N i      



(12)




where   T P  ,   T N  ,   F P  , and   F N   denote true positives, true negatives, false positives, and false negatives, respectively, and n denotes the number of classes. These metrics provide a comprehensive evaluation of the segmentation performance, capturing various aspects such as   P r e c i s i o n  ,   R e c a l l  , and overall accuracy. Additionally, metrics like the   J a c c a r d   index and mean intersection over union (  m I o U  ) are crucial for evaluating segmentation performance, with higher values indicating better quality.











6. Results


In this section, we evaluate the performance of RSAM-Seg compared to the original SAM, DeepLabV3+, Segformer, and U-Net models on four binary and two multi-class datasets. To maintain experimental fairness, all models were evaluated using identical preprocessing protocols, training settings, and hardware configurations. When evaluating the performance of SAM, the operational mode was carefully considered, which is crucial for fair comparison. SAM operates in point mode, with two variants: center(+) and center(−), where the center point is labeled as a positive or negative class, respectively. The evaluation utilizes center point co-ordinates as prompts, and the results were compared against manual annotations [76].



As shown in Table 2, RSAM-Seg demonstrates remarkable performance across all scenarios (Cloud, Field, Building, and Road). Figure 5 also showcases the   P r e c i s i o n   vs.   R e c a l l   diagram of different methods across all scenarios. In the Cloud scenario, RSAM-Seg achieves the highest performance for the   J a c c a r d   index,   F 1   score, and   m I o U   while maintaining competitive performance in other metrics. In the Road scenario, RSAM-Seg outperforms all other methods in most metrics, including the   J a c c a r d   index,   P r e c i s i o n  ,   R e c a l l  ,   F 1   score, and   m I o U  . In cases where RSAM-Seg ranks second, such as in the Field scenario, it is mostly surpassed by SAM with manual annotations, demonstrating comparable results while maintaining automation. Furthermore, RSAM-Seg significantly outperforms the original SAM model for center point prompts across all scenarios, validating the effectiveness of our proposed improvements.



6.1. Results for Binary Segmentation Scenarios


6.1.1. Results for the Cloud Scenario


The quantitative results of various methods in the cloud scenario are summarized in Table 2, and the visualization results are listed in Figure 6. From the cloud scenario in Table 2, RSAM-Seg significantly exceeds the basic SAM in all metrics. Compared to U-Net, RSAM-Seg exhibits superior performance in four comprehensive metrics: the   J a c c a r d   index,   F 1   score, overall accuracy, and   m I o U  . RSAM-Seg demonstrates an average superiority over SAM under both modes by 36.7%. From the images in the first row of Figure 6, it is evident that RSAM-Seg performs well, especially when distinguishing thin cloud segments on the right. In contrast, SAM struggles to accurately identify cloud formations, resulting in large cloud areas being grouped into a single category. DeepLabV3+ is able to segment thin clouds more accurately but performs poorly when dealing with the more dispersed clouds on the left. U-Net and Segformer perform well in both scenarios.




6.1.2. Results for the Field Scenario


The quantitative results for the field scenario are summarized in Table 2, and the visualization results are listed in Figure 7. The field scenario in Table 2 reveals an enhancement across all metrics compared to the original SAM version. Specifically, overall accuracy increased by 28.5%, and the   F 1   score improved by 56%. Additionally, the segmentation results of Segformer are relatively high, with an   m I o U   of 66.28%. Moreover, RSAM-Seg surpasses U-Net by 18% and 10% in overall accuracy and   F 1   score, respectively. Although SAM (manual) outperforms RSAM-Seg in several metrics, the visualization results demonstrate that SAM (manual) fails to differentiate between distinct field parcels, whereas RSAM-Seg effectively delineates internal field boundaries. It can be observed in the third row of images in Figure 7 that RSAM-Seg performs well in distinguishing both regular and irregular field scenes. SAM performs poorly in segmenting agricultural fields in densely populated areas and only identifies the agricultural field surrounding the given point without taking the overall layout of the fields into account. U-Net and DeepLabV3+ struggle to accurately identify roads and other features separating agricultural fields. The qualitative assessment also reveals that while SAM (manual) tends to treat agricultural areas as homogeneous regions, RSAM-Seg exhibits superior capability in capturing the fine-grained segmentation of individual field plots. This suggests that RSAM-Seg is well-suited for handling complex and heterogeneous landscapes.




6.1.3. Results for the Building Scenario


The quantitative results for the building scenario are summarized in Table 2, and the visualization results are listed in Figure 8. An analysis of the building scenario in Table 2 reveals that RSAM-Seg demonstrates significant improvements over other methods, with a 16.2% and 20.5% increase in   m I o U   compared to DeepLabV3+ and U-Net, respectively. RSAM-Seg also outperforms SAM across multiple metrics, achieving a substantial 42.71% improvement in overall accuracy. While Segformer exhibits a marginally superior   J a c c a r d   index, RSAM-Seg demonstrates better performance in overall accuracy and   m I o U  . The   m I o U   performance underscores the efficacy of RSAM-Seg in accurately delineating semantic elements within complex visual scenes, which is a crucial capability for complex real-world applications. Figure 8 shows the performance of RSAM-Seg in complex urban environments is remarkable. It accurately delineates both overall structures and scattered buildings while effectively mitigating interference from similar elevated features. In contrast, the prompt-dependent approach of SAM limits its segmentation to areas proximal to the point prompt. DeepLabV3+ and U-Net struggle with highway infrastructure, resulting in occasional mis-segmentations. Although Segformer demonstrates high accuracy in segmenting regular architectural structures, it introduces varying degrees of noise and exhibits uneven edges that impact overall segmentation quality.




6.1.4. Results for the Road Scenario


The quantitative results for the road scenario are summarized in Table 2, and the visualization results are listed in Figure 9. The road scenario in Table 2 indicates that RSAM-Seg outperforms U-Net, with an improvement of 11% and 25.6% for enhancement compared to Segformer in the   F 1   score. Conversely, SAM demonstrates suboptimal performance, with an   m I o U   of approximately 45%. This subpar performance could be attributed to the narrow width of the roads and their indistinct boundaries relative to the surrounding environment. When considering the images in the third row of Figure 9, RSAM-Seg demonstrates the ability to accurately distinguish densely packed roads, presenting well-defined and more complete road segments. In contrast, SAM cannot effectively discern roads and is easily disrupted by surrounding environments, such as farmland, as observed in the experiments. Segformer is capable of segmenting road sections but with some omissions. DeepLabV3+ performs poorly in road segmentation tasks, exhibiting discontinuous segmentation results. Additionally, U-Net is susceptible to mis-segmentations of similar road-like areas, such as gaps between farmland or buildings, when segmenting roads.



After conducting experiments on datasets from various remote sensing domains, it can be observed that SAM has the limitation of relying heavily on human annotations or prompts. However, RSAM-Seg can perform significantly better than the original SAM approach and automate the segmentation process without the need for manually annotated data or prompts in specific remote sensing scenes. This modification enables SAM to better adapt to segmentation tasks in remote sensing imagery, making it a valuable tool for a wide range of remote sensing applications.





6.2. Results for Multi-Class Scenario


6.2.1. Results for the Cloud-like Scenario


Figure 10 presents a comparison of the segmentation results of U-Net, SAM, and RSAM-Seg in cloud-like mountainous scenes. In the experiments for this scene, SAM operates in point prompt mode. During the segmentation of clouds and snow, point prompts are manually provided for the respective regions. For the SAM results, the green points indicate the locations of the point prompts for cloud segmentation, with the red areas representing the cloud segmentation results of SAM. For snow segmentation, the blue points indicate the locations of the point prompts, with the purple areas representing the snow segmentation SAM results. From Figure 10, it can be observed that SAM is able to segment clouds and snow relatively completely when provided with prompts. However, there are still issues of over-segmentation and under-segmentation in the overlapping regions of clouds and snow. RSAM-Seg is able to segment both clouds and snow more completely without human intervention. U-Net can distinguish more prominent snow regions but performs poorly in cloud segmentation in cloud-like scenes.




6.2.2. Results for the Land-Cover Scene Scenario


Figure 11 shows the multi-class segmentation results of SAM and RSAM-Seg on the GID dataset. SAM operates in the segment everything mode to adapt to the multi-class segmentation scenario. RSAM-Seg utilizes a voting mechanism by pretraining each class individually and then combining the results. The final class for each pixel is determined by selecting the one with the highest probability. The segmentation results of SAM in Figure 11 are unsatisfactory, except for scenes with clear boundaries, such as the one shown in the first image. The reason for this is that SAM lacks task-specific information and only segments areas with clear boundaries into a single class, resulting in a significant amount of mis-segmentations and omissions. RSAM-Seg performs well in multi-class segmentation tasks with the addition of prior information. However, it still has shortcomings in certain scenes, such as poor segmentation of meadow areas. The poor performance in meadow segmentation can be attributed to the characteristics of high-frequency components and architectural limitations. Unlike built-up areas with distinct edge features, meadow regions share similar textural patterns with natural backgrounds in the frequency domain, with their high-frequency components showing only 0.3 times the intensity of built-up areas. While the Adapter-Feature module performs well on objects with clear boundaries, it struggles with these low-contrast regions. Future improvements could focus on incorporating multi-scale frequency analysis, adaptive thresholding mechanisms, and multi-band spectral information to enhance the discrimination of vegetation types with similar textural characteristics.





6.3. Ablation Study


In order to systematically assess the contribution of different components in our proposed model, an ablation study was conducted on the 38-Cloud dataset. From Table 3, it is evident how removing   F pe   and   F hfc   within the Adapter-Feature, as well as removing Adapter-Scale from RSAM-Seg, impacts the performance.



The experiments show that   F hfc   significantly improves the performance of RSAM-Seg on several evaluation metrics, indicating that it introduces high-frequency information into the model that is crucial for accurate image segmentation in remote sensing applications. Additionally, both the   F pe   and Adapter-Scale modules contribute to the overall performance of RSAM-Seg in processing remote sensing imagery. The visualization results are listed in Figure 12, from which it can be observed that the   F hfc   effectively reduces the interference from the surrounding environment of the clouds on the segmentation results. Furthermore, the combination of Adapter-Scale and   F pe   further enhances segmentation performance.



By analyzing both the quantitative and visualization results, the critical role of each component in RSAM-Seg can be observed. These findings not only validate the effectiveness of RSAM-Seg but also provide valuable insights for future research and development in this field.





7. Discussion


7.1. Leveraging Task-Specific Prior Knowledge for Prompt


The integration of high-frequency components as prior knowledge is a key innovation in our RSAM-Seg model. These features, extracted through fast Fourier transform, capture essential details that are particularly beneficial for remote sensing image segmentation tasks.



High-frequency features play a crucial role in remote sensing image segmentation for two main reasons. First, these HFC features effectively capture edge information, texture patterns, and abrupt intensity changes that are characteristic of boundaries between different land cover types. Second, FFT provides a computationally efficient method for extracting these critical features, allowing for the rapid processing of large-scale remote sensing datasets while maintaining high accuracy in boundary detection and segmentation tasks. Our experimental results demonstrate that the integration of HFC features through the Adapter-Feature module enhances the model’s ability to detect and segment objects with complex boundaries, particularly in challenging remote sensing scenarios where precise delineation is essential.



Figure 13 presents a view of four distinct segmentation scenarios: clouds, fields, buildings, and roads. For each scenario, the figure displays the extracted HFC features, RSAM-Seg outputs, and corresponding ground truth, providing visual insight into the contribution of HFC features across diverse segmentation challenges. Notably, the regions highlighted by HFC largely correspond to the actual areas to be segmented, demonstrating the relevance of these features in guiding the segmentation process.



Once extracted, the HFC features generate prompts that guide SAM in segmentation tasks on specific datasets. This guidance mechanism allows the model to leverage task-specific information, potentially leading to more accurate and contextually relevant segmentations in the remote sensing tasks.




7.2. Few-Shot Scenario


In the experiment, RSAM-Seg exhibits a commendable degree of accuracy, even in the challenging few-shot scenarios. Moreover, as the sample size expands, the performance of the model demonstrates a notable enhancement in terms of   P r e c i s i o n   and predictive capability.



The performance in the context of few-shot learning of RSAM-Seg was assessed using the 38-Cloud dataset. Table 4 reflects the results under the condition where the original test set remains unchanged, and 1%, 10%, 30%, and 70% of the images from the training set are randomly selected as new training subsets. Compared to the other methods in Table 2, RSAM-Seg demonstrates comparable efficacy to U-Net and Segformer when only utilizing 10% of the dataset. The visualization results are listed in Figure 14, which reveals the potential of the methodology in the domain of remote sensing, particularly for few-shot image segmentation tasks.




7.3. Beyond Ground Truth


The experimental findings reveal that our model surpasses the ground truth annotations of the dataset in certain scenarios, yielding segmentation results that exhibit superior accuracy and fidelity.



Figure 15 shows the segmentation results for the road segmentation scenario. The snippets in the second row clearly demonstrate the capability of RSAM-Seg to segment roads that ground truth failed to identify, showcasing the completion capability of RSAM-Seg in delineating road regions from remote sensing imagery.



The segmentation results also indicate that the integration of task-specific prior knowledge from remote sensing scenes into SAM holds substantial promise for enhancing the construction of remote sensing datasets. RSAM-Seg exhibits generalizability, positioning it as a formidable tool for auxiliary annotation purposes, thereby mitigating the burdensome costs associated with manual annotation and, concurrently, amplifying the overall efficiency of the process.





8. Conclusions


We propose RSAM-Seg by incorporating specific prior information from the remote sensing domain and combining image embeddings to generate prompts that guide segmentation tasks, eliminating the need for human intervention. Adapter-Feature and Adapter-Scale are integrated to enhance performance in remote sensing semantic segmentation. The experiments encompassed both binary and multi-class segmentation tasks across six datasets. In binary tasks, like cloud detection, field monitoring, building detection, and road mapping, RSAM-Seg outperformed the original SAM, U-Net, DeepLabV3+, and Segformer models. Similarly, in multi-class tasks involving cloud-like scenarios and land-cover segmentation, RSAM-Seg showed competitive results. RSAM-Seg has the potential to serve as an auxiliary annotation tool for creating labeled remote sensing datasets, significantly reducing labeling costs. In addition, RSAM-Seg has shown promising results in the few-shot learning scenarios using limited data.



Future work on RSAM-Seg will focus on three key areas: developing model compression techniques for lightweight variants suitable for resource-constrained environments, exploring multi-model fusion strategies to integrate diverse data sources, and investigating active learning methodologies to optimize sample selection in few-shot scenarios. These directions aim to enhance the applicability, performance, and efficiency of the model in real-world remote sensing tasks, advancing its potential for semantic segmentation in this domain.
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Figure 1. Comparison of segmentation results on various scenarios using point and box prompt modes, as well as the segment everything mode. Green squares indicate box prompt positions, green points show point prompt coordinates, and red areas represent predicted segmentation results. In Segment Everything results, each color represents a distinct segmented instance. 
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Figure 2. The architecture and key components of RSAM-Seg. (A) The overall structure of RSAM-Seg. The encoder’s ViT blocks are modified to include the internal Adapter-Scale components and interleaved Adapter-Feature layers for enhanced image information extraction (⊕ denotes feature fusion), while the mask decoder remains unchanged and promptless. Each stage’s dimensional changes are marked in the figure, where ‘B’ represents batch size. (B) The structure of the modified transformer block and Adapter-Scale, where “Learned Embedding from (i − 1)-th ViT Block” represents features processed by the previous transformer layer, and “Reshaped Prompts” are dimension-adjusted prompts generated by Adapter-Feature for the ViT Block. (C) The structure of Adapter-Feature, which extracts HFC features through Fourier transform for prompt generation. 
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Figure 3. Visual examples from different datasets depict various scenes, including clouds, buildings, fields, and roads. The image above shows remote sensing images with the corresponding mask. GT represents ground truth. 
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Figure 4. Visual examples from the CSWV and GID datasets, illustrating cloud-like scenes in mountainous regions and diverse land-cover scenarios. 
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Figure 5.   P r e c i s i o n   vs.   R e c a l l   across various datasets, showing the performance of different segmentation models (U-Net, DeepLabV3+, Segformer, SAM(center +), SAM(center−), SAM(manual), and RSAM-Seg in different types of scenarios. 
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Figure 6. Comparison of cloud segmentation results using the 38-Cloud dataset for RSAM-Seg, SAM, U-Net, DeepLabV3+, and Segformer. For SAM(manual), the green points indicate manually annotated positive samples, the blue points represent negative samples, and the red masks show the segmentation results. For SAM(center), + and − denote the segmentation results where the center points are marked as positive and negative classes, respectively. 
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Figure 7. Comparison of field segmentation results for the Sentinel-2 dataset with RSAM-Seg, SAM, U-Net, DeepLabV3+, and Segformer. For SAM(manual), the green points indicate manually annotated positive samples, the blue points represent negative samples, and the red masks show the segmentation results. For SAM(center), + and − denote the segmentation results where the center points are marked as positive and negative classes, respectively. 






Figure 7. Comparison of field segmentation results for the Sentinel-2 dataset with RSAM-Seg, SAM, U-Net, DeepLabV3+, and Segformer. For SAM(manual), the green points indicate manually annotated positive samples, the blue points represent negative samples, and the red masks show the segmentation results. For SAM(center), + and − denote the segmentation results where the center points are marked as positive and negative classes, respectively.



[image: Remotesensing 17 00590 g007]







[image: Remotesensing 17 00590 g008] 





Figure 8. Comparison of building segmentation results for the Inria dataset with RSAM-Seg, SAM, U-Net, DeepLabV3+, and Segformer. In SAM(manual), the green points indicate manually annotated positive samples, the blue points represent negative samples, and the red masks show the segmentation results. For SAM(center), + and − denote the segmentation results where the center points are marked as positive and negative classes, respectively. 
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Figure 9. Comparison of the road segmentation results for the DG-Road dataset using RSAM-Seg, SAM, U-Net, DeepLabV3+, and Segformer. For SAM(manual), the green points indicate manually annotated positive samples, the blue points represent negative samples, and the red masks show the segmentation results. For SAM(center), + and − denote the segmentation results where the center points are marked as positive and negative classes, respectively. 
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Figure 10. Comparison of cloud and snow segmentation results for the CSWV dataset with original imagery, ground truth, U-Net, SAM (in the point and segment everything modes), and RSAM-Seg. 
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Figure 11. Comparison of the land-cover multi-class segmentation results for the GID dataset with ground truth, U-Net, SAM, and RSAM-Seg. 
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Figure 12. Visualization results of the ablation study for RSAM-Seg using the 38-Cloud dataset, where the complete RSAM-Seg model shows the best performance compared to its ablated versions. 
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Figure 13. Comparison of images, ground truth, HFC features, and RSAM-Seg results across four distinct scenarios of clouds, fields, buildings, and roads, demonstrating segmentation through HFC feature extraction. 
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Figure 14. Examples of few-shot segmentation results using the 38-Cloud dataset. 
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Figure 15. Examples of completion results on the DG-Road dataset. 
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Table 1. Detailed information on datasets for binary segmentation scenarios.
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	Scenarios
	Region
	Dataset
	Total Area (km2)
	Resolution (m)
	Picture Resolution (  px  )





	Building
	Austin

Chicago

Kitsap County
	Inria
	81
	0.3
	1024 × 1024



	Cloud
	-
	38-Cloud
	2,188,800
	30
	1024 × 1024



	Field
	France
	Sentinel-2
	785
	6 0
	224 × 224



	Road
	Thailand

Indonesia

India
	DeepGlobe
	2220
	0.50
	1024 × 1024










 





Table 2. The experimental results across multiple datasets in terms of the   J a c c a r d   index,   P r e c i s i o n  ,   R e c a l l  ,   F 1   score, overall accuracy, and   m I o U  .
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Scenario

	
Method

	
   Jaccard   

	
   Precision   

	
   Recall   

	
   F 1    Score

	
Overall Accuracy

	
   mIoU   






	
Cloud

	
U-Net

	
0.6461

	
0.8994

	
0.6740

	
0.7467

	
0.9021

	
0.7262




	
DeepLabV3+

	
0.6440

	
0.7826

	
0.8058

	
0.7804

	
0.9227

	
0.7474




	
Segformer

	
0.6553

	
0.8273

	
0.7087

	
0.7478

	
0.8360

	
0.7245




	
SAM(center +)

	
0.1940

	
0.4107

	
0.3929

	
0.2502

	
0.4838

	
0.2666




	
SAM(center −)

	
0.0637

	
0.3652

	
0.0801

	
0.0956

	
0.6221

	
0.3246




	
SAM(manual)

	
0.5837

	
0.6245

	
0.8926

	
0.7292

	
0.7693

	
0.5837




	
RSAM-Seg

	
0.7310

	
0.8301

	
0.8396

	
0.8152

	
0.9197

	
0.7646




	
Field

	
U-Net

	
0.5011

	
0.6963

	
0.6484

	
0.6391

	
0.7392

	
0.5545




	
DeepLabV3+

	
0.2998

	
0.6705

	
0.3089

	
0.3410

	
0.9743

	
0.6527




	
Segformer

	
0.5535

	
0.7537

	
0.6614

	
0.6826

	
0.7914

	
0.6155




	
SAM(center +)

	
0.1798

	
0.5323

	
0.3399

	
0.2627

	
0.5130

	
0.2866




	
SAM(center −)

	
0.0650

	
0.5442

	
0.0751

	
0.1176

	
0.5502

	
0.2989




	
SAM(manual)

	
0.6745

	
0.8021

	
0.8018

	
0.8011

	
0.7727

	
0.6745




	
RSAM-Seg

	
0.6346

	
0.7600

	
0.7818

	
0.7592

	
0.8201

	
0.6634




	
Building

	
U-Net

	
0.5047

	
0.6318

	
0.7151

	
0.6496

	
0.9125

	
0.7017




	
DeepLabV3+

	
0.6081

	
0.6767

	
0.8560

	
0.7277

	
0.8714

	
0.7246




	
Segformer

	
0.7967

	
0.8644

	
0.8482

	
0.8539

	
0.9191

	
0.8229




	
SAM(center +)

	
0.0046

	
0.1522

	
0.0062

	
0.0083

	
0.8070

	
0.4057




	
SAM(center −)

	
0.0067

	
0.2146

	
0.0072

	
0.0132

	
0.8433

	
0.4249




	
SAM(manual)

	
0.6766

	
0.7615

	
0.8491

	
0.7965

	
0.8485

	
0.6766




	
RSAM-Seg

	
0.7353

	
0.8390

	
0.8360

	
0.8337

	
0.9583

	
0.8424




	
Road

	
U-Net

	
0.5286

	
0.6673

	
0.7276

	
0.6774

	
0.9740

	
0.7506




	
DeepLabV3+

	
0.2998

	
0.6705

	
0.3089

	
0.3410

	
0.9743

	
0.6527




	
Segformer

	
0.4810

	
0.5130

	
0.7631

	
0.6008

	
0.9948

	
0.7744




	
SAM(center +)

	
0.0068

	
0.0244

	
0.0354

	
0.0112

	
0.8706

	
0.4383




	
SAM(center −)

	
0.0031

	
0.0216

	
0.0050

	
0.0061

	
0.9257

	
0.4644




	
SAM(manual)

	
0.1965

	
0.2445

	
0.5747

	
0.3057

	
0.8588

	
0.1965




	
RSAM-Seg

	
0.6195

	
0.7332

	
0.8104

	
0.7548

	
0.9785

	
0.7982








Values in bold denote the highest performance, while the underlined values indicate the second-best performance across all methods for each metric.













 





Table 3. Ablation study for RSAM-Seg, showing the impact of Adapter-Scale and   F pe  ,   F hfc   within Adapter-Feature on segmentation performance.
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Method

	
   Jaccard   

	
   Precision   

	
   Recall   

	
   F 1    Score

	
Overall Accu

	
   mIoU   






	
RSAM-Seg

	
0.7310

	
0.8301

	
0.8396

	
0.8152

	
0.9197

	
0.7646




	
Adapter-Feature

	
w/o   F pe  

	
0.7230

	
0.8146

	
0.8469

	
0.8049

	
0.9131

	
0.7597




	
w/o   F hfc  

	
0.7118

	
0.7888

	
   0.8563   

	
0.7885

	
0.892

	
0.7364




	
RSAM-Seg w/o Adapter-Scale

	
0.7287

	
0.8173

	
0.8562

	
0.8114

	
0.9056

	
0.7608








Values in bold denote the highest performance across all methods for each metric.













 





Table 4. The impact of dataset size on few-shot results.
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	Dataset
	   Jaccard   
	   Precision   
	   Recall   
	   F 1    Score
	Overall Accu
	   mIoU   





	1% 38-Cloud
	0.5552
	0.7389
	0.6777
	0.6561
	0.7919
	0.6412



	10% 38-Cloud
	0.6733
	0.7984
	0.8032
	0.7587
	0.8738
	0.7172



	30% 38-Cloud
	0.6940
	0.7723
	0.8597
	0.7770
	0.8797
	0.7234



	70% 38-Cloud
	0.7310
	0.8301
	0.8396
	0.8152
	0.9197
	0.7646







Values in bold denote the highest performance across all methods for each metric.
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