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Abstract

Precise mining land-cover classification is essential for monitoring environmental degradation and ecological restora-
tion. Few-Shot Segmentation (FSS) offers a promising solution under limited annotations, but it still faces common
challenges such as ambiguous foreground features and overfitting to the small support set. Moreover, mining land-
scapes are characterized by highly detailed structures, which are often lost during standard downsampling. To address
these issues, we propose a Structure-semantic Adaptive Matching Network (S2AM-Net). It employs adaptive prior
enhancement module to suppress background noise, selective edge attention with multi-scale learnable Sobel con-
volutions to preserve fine-grained structural details,and mask semantic alignment using SAM-generated masks for
texture-invariant alignment. We also construct a dedicated benchmark, DLRSD-mining-6, for complex mining cat-
egories. Extensive experiments on this dataset and iSAID-5' demonstrate that our method consistently outperforms
existing approaches. The source code is available at: https://github.com/cowger/S2AMNet.
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1. Introduction

Driven by the acceleration of global industrializa-
tion, intensive open-pit mining and subsequent ecolog-
ical restoration have fundamentally reshaped regional
land cover patterns. Although these activities supply es-
sential resources for socioeconomic development, they
simultaneously precipitate severe environmental conse-
quences such as land degradation, landscape fragmenta-
tion, and geohazard risks (Zhou et al., 2023; Chen et al.,
2018; Liu et al., 2025). While contemporary restoration
initiatives aim to mitigate these adverse impacts, their
efficacy is frequently compromised by suboptimal topo-
graphic reconfiguration and incomplete vegetation re-
establishment. Within this context, accurate land cover
classification has emerged as a fundamental prerequisite
for monitoring ecological dynamics and evaluating the
long-term success of reclamation strategies (Chen et al.,
2020).

High-resolution remote sensing (RS) imagery, which
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captures fine-grained surface characteristics, has be-
come an indispensable data source for analyzing com-
plex mining landscapes. Traditional classification meth-
ods based on manual interpretation and field surveys can
achieve high accuracy, but they are labor-intensive and
slow, making them impractical for large-scale or rapid
monitoring tasks. In recent years, deep learning has
shown remarkable performance in semantic segmenta-
tion for RS applications (Fan et al., 2026; Li et al.,
2025). Nevertheless, fully supervised approaches de-
pend heavily on large-scale pixel-level annotations, the
acquisition of which is prohibitively expensive. This re-
liance severely limits their scalability. In addition, fully
supervised models struggle to recognize unseen cate-
gories, reducing their adaptability in dynamic mining
environments where land cover types frequently change
(Gidaris and Komodakis, 2018). Although our prelim-
inary studies explored transfer learning (Pan and Yang,
2009) strategies on small-scale datasets, segmentation
accuracy and visual quality remain constrained by the
limited availability of annotated samples.

Few-Shot Semantic Segmentation (FSS) (Shaban
et al., 2017) addresses these limitations by enabling the



segmentation of novel classes with only a few annotated
samples (support set). FSS learns transferable and gen-
eralizable representations, exploiting category similar-
ity or shared generic features to quickly adapt to unseen
classes in query images. This capability makes FSS par-
ticularly suitable for remote sensing applications, where
annotation costs are high and land cover categories
change frequently. Recently, FSS has been extended to
the remote sensing domain as RS-FSS (Yao et al., 2021;
Wang et al., 2023; Tian et al., 2020; Li et al., 2024). For
instance, Yao et al. (2021) employed a scale-aware fo-
cal loss to manage extreme object scale variations, while
Wang et al. (2023) integrated self-correlation and spec-
tral branches to mitigate overfitting. Despite these ad-
vances, existing RS-FSS methods struggle in complex
mining environments due to three primary factors, as il-
lustrated in Fig. 1.
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Figure 1: Core challenges in mining FSS: (Left) foreground ambi-
guity from cluttered backgrounds; (Middle) appearance gap causing
overfitting; (Right) high geometric complexity with disproportionate
edge information.

First, the inability to suppress cluttered background
interference leads to severe foreground feature ambigu-
ity. Representative approaches such as PFENet (Tian
et al., 2020) employ high-level priors to emphasize
foreground regions but often fail to inhibit irrelevant
noise from mining-specific backgrounds. Consequently,
standard convolutions inevitably assimilate background
clutter into foreground features, resulting in false acti-
vations in query images (Fig. 1, left).

Second, over-reliance on support features triggers

texture overfitting, which prevents the model from
bridging the visual gap during significant appearance
variations. By overlooking generic objectness priors,
this paradigm struggles to recognize query targets that
look different from the support (Fig. 1, middle). As a
result, the model focuses on superficial visual signatures
rather than capturing the underlying semantic essence of
the target.

Third, mining targets occupy only a small portion of
the image, yet contain a disproportionately high amount
of edge information, which is easily lost during feature
extraction. Mining targets are characterized by a critical
spatial-semantic imbalance where targets occupy only
17.39% of the image area but encapsulate 44.99% of
the total edge information (Fig. 1, right). Existing ar-
chitectures rely on repeated downsampling, which tends
to smooth out these complex geometric details. With-
out explicit exploitation of edge cues, these methods
fail to preserve discriminative boundaries, leading to
fragmented segmentation results in structurally complex
mining scenes.

To address these challenges, a novel framework
for mining FSS, Structure-semantic Adaptive Matching
Network (S2AM-Net), is proposed, as illustrated in Fig.
2. The backbone first extracts multi-level feature maps.
To mitigate feature ambiguity, the Adaptive Prior En-
hancement (APE) module leverages high-level feature
priors to generate a pseudo-foreground prototype for the
query, which is fused with the support foreground pro-
totype to refine the original features. This process ex-
plicitly enhances foreground activations while suppress-
ing background clutter before the correlation encoding
stage. In the decoding stage, two key components are
employed: Mask Semantic Alignment (MSA) and Se-
lective Edge Attention (SEA). Existing SAM-based FSS
methods (Li et al., 2024; Ao et al., 2024) mainly ex-
ploit SAM-generated masks for foreground enhance-
ment, consistency regularization, or mask classification.
Different from existing SAM-based paradigms that pri-
marily exploit SAM masks for foreground enhancement
or mask-level supervision, the proposed MSA leverages
SAM-generated masks as structure-aware semantic cues
to guide foreground semantic alignment between sup-
port and query features. The SEA module captures high
geometric complexity through multi-scale learnable So-
bel edge attention, dynamically emphasizing boundary
information across scales to preserve intricate spatial
structures of mining targets.

To facilitate evaluation in complex scenarios, the
DLRSD-mining-6' dataset is constructed, integrating
the LCMA dataset (Zhou et al., 2023) with standard RS-
FSS protocols from DLRSD (Shao et al., 2018). Ex-



tensive experiments on both the public iSAID-5i (Yao
et al., 2021) and DLRSD—mining—6i demonstrate the ef-
fectiveness and superiority of S2AM-Net.

The primary contributions of this work are summa-
rized as follows:

1. We develop S2AM-Net, an FSS framework specif-
ically designed to mitigate the feature ambiguity
and structural degradation prevalent in complex
mining scenes.

2. We introduce the Adaptive Prior Enhancement
module, which rectifies high-level semantic rep-
resentations by guiding pseudo-prototype genera-
tion, effectively suppressing cluttered background
noise while explicitly enhancing foreground acti-
vations.

3. We introduce Mask Semantic Alignment and Se-
lective Edge Attention to enhance correlation n
representations from semantic and structural per-
spectives.  MSA incorporates SAM-generated
masks as structure-aware priors to guide seman-
tic alignment between support and query features,
while SEA captures multi-scale boundary cues via
learnable edge filtering to preserve geometric de-
tails.

4. We establish DLRSD-mining-6', a benchmark for
few-shot segmentation in remote sensing, provid-
ing a standardized platform for evaluating mining
area segmentation. Extensive experiments on both
iSAID-5i(Yao et al., 2021) and the new dataset
demonstrate the effectiveness of S2AM-Net.

2. Related Work

Few-Shot Segmentation (FSS) has attracted signifi-
cant attention for its ability to generalize to novel cat-
egories with limited annotations, in contrast to fully
supervised semantic segmentation. In remote sens-
ing, FSS methods can be broadly categorized into
prototype-based approaches and cross-guidance mech-
anisms, with recent studies leveraging foundation mod-
els (e.g., SAM, CLIP) to provide additional priors rather
than forming an independent methodological branch.

2.1. Prototype-based Few-Shot Segmentation

Prototype-based methods embed support features
into a metric space to generate class-representative pro-
totypes, which are then used to segment query images
via distance metrics such as Euclidean distance or co-
sine similarity. PANet (Wang et al., 2019) pioneered

this direction by introducing prototype alignment regu-
larization to enforce consistent embeddings across sup-
port and query images. Following this, Nguyen and
Todorovic (2019) leveraged gradient information from
the support set during inference to fine-tune query fea-
tures. To improve prototype robustness, Siam et al.
(2019) proposed generating masked proxies and accu-
mulating historical features to form multi-prototypes,
providing more stable category representations.

Early approaches often relied solely on high-level
features, suffering from spatial coarseness and bias to-
ward seen classes, as highlighted by (Tian et al., 2020).
PFENet (Tian et al., 2020) addressed this by generating
training-free prior masks and concatenating spatial pri-
ors with query features. PFENet++ (Luo et al., 2023)
further refined these priors using a Noise Suppression
Module (NSM), while Xu et al. (2024) employed an
ambiguity eliminator to improve foreground-foreground
matching in cross-attention mechanisms.

To handle extreme intra-class variance, Li et al.
(2021) used superpixel clustering to produce multiple
prototypes adaptable to object deformation and scale
changes, and DPNet (Chen et al., 2025) optimized dual
prototypes for crack detection. In remote sensing sce-
narios with significant scale variation, SDM (Yao et al.,
2021) proposed scale-aware detailed matching for local
boundaries, DMMLNet (Wang et al., 2021) extracted
multi-scale prototypes for diverse geospatial objects,
while TBRNet (Wang et al., 2025) fused multi-scale se-
mantic dependencies to highlight discriminative subre-
gions.

Although most prototype-based methods focus on
foreground priors, they often neglect background clut-
ter, which is critical in mining scenes with complex en-
vironments.

2.2. Cross-Guidance Methods

Cross-guidance approaches model pixel-to-pixel or
region-to-region interactions between support and query
images to constrain feature matching. HSNet (Min
et al., 2021) constructs 4D hypercorrelation tensors to
capture multi-level semantic correspondences, improv-
ing foreground localization. MS2A2Net (Li et al., 2023)
enhances this with bidirectional guidance between sup-
port and query sets. HDMNet (Peng et al., 2023) uses
a hierarchically decoupled Transformer for pixel-level
alignment, mitigating category bias and overfitting.

In remote sensing, SCCNet (Wang et al., 2023) adds
a frequency-domain branch alongside self- and cross-
correlation to generate auxiliary masks. MGCL (Li
et al., 2024) incorporates SAM-generated masks to en-
force intra-class consistency, and HRL (He et al., 2025)
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Figure 2: Overview of the proposed S2AM-Net. The framework uses a shared backbone, an Adaptive Prior Enhancement (APE) module for
foreground enhancement and background noise suppression, and a Correlation Encoder-Decoder incorporating Mask Semantic Alignment (MSA)
for texture-invariant alignment and Selective Edge Attention (SEA) for preserving fine-grained structural boundaries.

captures cross-image consistency across multiple fea-
ture levels.

While these cross-guidance methods improve re-
gional semantic matching, fine-grained structural de-
tails are often lost due to the reliance on downsampled
features.

2.3. Foundation Model-Assisted FSS

Vision Foundation Models (VFMs), such as
SAM (Kirillov et al., 2023) and CLIP (Radford et al.,
2021), provide robust priors and cross-modal semantic
consistency, helping to overcome data scarcity in FSS.
SAM-based methods primarily exploit structural priors
for correlation learning and mask generation. For
instance, MGCL (Li et al., 2024) uses frozen SAM
weights to generate high-quality masks and integrates
them into correlation learning to reduce foreground-
background confusion. GRPN (Peng et al., 2025)
employs graph prompt reasoning to optimize mask
generation, SEMPNet (Ao et al., 2024) reformulates
segmentation as SAM-based mask classification, and
FSSAM (Xu et al., 2025) leverages SAM2’s spatiotem-
poral memory for sequential consistency. CLIP-derived
semantic priors are used in DPNet (Chen et al., 2025)
and PI-CLIP (Wang et al., 2024) to enhance feature
discriminability, while ICPD-Net (Jiang et al., 2025)
and MVLPNet (Yang et al., 2025) integrate ranking

and support set aggregation mechanisms for consistent
foreground matching in remote sensing.

Despite their effectiveness, existing SAM-based FSS
methods mainly leverage SAM priors for foreground-
oriented tasks, such as mask generation, consistency
regularization, or mask-based classification. However,
the structural information encoded in SAM masks is of-
ten underutilized in support-query correlation modeling,
and background context is not explicitly incorporated
into semantic alignment.

3. Methodology

3.1. Problem Definition

FSS aims to segment target objects in query images
from novel categories, given only a few annotated sup-
port samples. Formally, the dataset is divided into
a training set Dy, and a testing set Dyey, contain-
ing object categories Cyn,in and Cies; respectively, where
Cirain NCrest = 9. This disjoint setting ensures the evalu-
ation of the model’s generalization capability to unseen
classes.

Following the standard episodic training paradigm,
for a k-shot task, each episode consists of a support set
S ={, M;’)}’;z1 containing k image-mask pairs, and a
query set Q = {(I;, M,)}. All samples in an episode be-
long to the same specific category. The model is trained



on Cyin to learn the mapping from support guidance to
query segmentation and is expected to generalize this
capability to Crest Without further optimization.

3.2. Method Overview

The overall architecture of S’AM-Net is illustrated
in Fig. 2. Given a query image I, and support im-
ages I, a shared pretrained backbone (e.g., ResNet (He
et al., 2016)) is employed to extract hierarchical fea-
tures. Specifically, a Feature Pyramid Network (FPN)
(Lin et al., 2017) structure is integrated to derive multi-
scale representations {F, F(,,I}IL:1 across L = 3 scales,
which capture rich spatial-semantic information. Si-
multaneously, high-level semantic features {F' h p f} are
preserved to provide the global context required for the
subsequent prior enhancement module.

To address the inherent class-specific bias and back-
ground clutter in mining scenes, the APE module
is introduced to rectifie high-level semantic features
by guiding pseudo-prototype generation, effectively
suppressing background noise while enhancing fore-
ground activations for more discriminative support-
query matching.

Subsequently, multi-scale 4D correlation tensors are
constructed between the refined support and query fea-
tures. These correlations are further enhanced from
both semantic and structural perspectives. Specifically,
the MSA module leverages class-agnostic priors from
a frozen SAM to map both foreground and background
regions onto query features, achieving texture-invariant
semantic alignment. In addition, Selective Edge At-
tention multi-scale high-frequency spatial gradients via
learnable Sobel convolutions, preserving fine-grained
geometric structures that are often lost during downsam-
pling. The enhanced correlation representations from
both semantic and structural branches are fused and fed
into a correlation decoder to predict the final segmenta-
tion mask.

3.3. Adaptive Prior Enhancement

In few-shot segmentation, the limited availability of
support samples necessitates accurate target localiza-
tion within the query image. However, high-level fea-
tures, unlike mid-level features that capture generic ob-
ject parts, are inherently class-specific to the training
categories (Cy.4in)- This specificity introduces a bias to-
wards seen classes, limiting the generalization of high-
level features to unseen testing classes (Cyey)-

Recent methods (Tian et al., 2020; Xu et al., 2024,
Yang et al., 2025; Jia et al., 2023) mitigate this issue by
deriving prior masks from high-level features to guide

segmentation. While effective, this strategy primarily
treats high-level features as fixed priors and may un-
derutilize their potential, especially in cluttered scenes
where background activations dominate.

To address this, we propose the Adaptive Prior En-
hancement module. APE constructs a query-adaptive
pseudo-prototype from the generated priors, which is
then used to rectify the original high-level features. This
process enhances foreground activations, suppresses
background noise, and provides a more discriminative
representation for support-query matching.

Formally, given the high-level support feature map
F' € ROHW and its corresponding binary mask M,
we first construct foreground and background proto-
types from the high-level support features F” and the
corresponding binary mask M;:

pl8 = MAP(F", My), p?* = MAP(F",1-M,), (1)

where MAP denotes masked average pooling. These
prototypes summarize global statistics of the support
object and background, providing class-specific priors
for guiding query segmentation.

Next, we compute cosine similarities between the
high-level query features F 2 and the support prototypes
to produce coarse foreground and background similar-
ity maps. For each spatial location x, the foreground
and background similarity maps S 12(x), $?2(x) are cal-
culated as:

ST8(x) = (F,(x), plE),  S%8(x) = (£, (%), p%),  (2)

where F, 4(x) represents the L, normalized query fea-
ture vector at position x; ﬁ{g and f)};g are the normalized
foreground and background support prototypes, respec-
tively; () represents cosine similarity.

Based on these similarity maps, a Softmax operation
with a temperature factor 7 (empirically set to 1.1) is
applied to generate the foreground probability prior P/$
and the background probability prior P8,

P = exp(S*(1)/)
exp(S/8(x)/7) + exp(S*¢(x)/7)’

* € {fg bgl,

(©)
We then compute a rectified activation map to em-
phasize confident foreground regions while suppressing
background noise ( Fig. 2(a)).

ple = ple _ pbs, 4)

Although P/¢ is a linear transformation of P/%, it in-
troduces an explicit contrastive mechanism by produc-
ing signed responses, which enhances discriminative



capability by suppressing background activations and
highlighting foreground-consistent regions. The final
query-adaptive prototype p"’;g is then generated through
a weighted global pooling operation.

o SaFh(x) 0 PIE(x)
Py =
1 > Prs(x)+ €

®)

where O represents element-wise multiplication, and e
is a small constant introduced to ensure numerical sta-
bility.

We then linearly fuse the support and query proto-
types to balance category generality with instance speci-
ficity.

P =apif + (1 - a)pl, (©6)
where « is a balancing coefficient (set to 0.5) that con-
trols the fusion ratio between the query-adaptive proto-
type and the support prototype.

Finally, the fused prototype p/¢ is spatially expanded
to match the dimensions of the high-level feature maps.
This process, denoted as the expansion operation E(:)
(labeled as “Expand” in Fig. 2), injects explicit fore-
ground semantics into the feature space through an ad-
ditive residual connection.

El=F) +E(p/%), Fi=F!+EQ@®. )

where E(-) broadcasts the C-dimensional prototype vec-
tor across the spatial height and width. The resulting
rectified features, F ;’ and F", exhibit enhanced fore-
ground responses and significantly reduced background
ambiguity, providing a robust foundation for the subse-
quent relationship encoding stage.

3.4. Mask Semantic Alignment

To establish a stable class-agnostic prior and enhance
the reliability of pixel-level matching in complex min-
ing environments, we first employ a Correlation En-
coder to transform the rectified features into a multi-
scale similarity space. Following Li et al. (2024); Wang
et al. (2023), the encoder computes 4D correlation vol-
umes R; at each scale ! by concatenating foreground and
background cosine similarities.

R = o-( Concat (cos(F,, £7%), cos(F,, ng))), (8)

Flt=FoM, Ff=Fo00-M), O

where o denotes the sigmoid function.

To obtain the multi-scale correlation map Fg, R; is
processed via 4D convolutions (Conv4D;) and pooled
across the support spatial dimensions.

Fg, = AvgPooly ,(ConvdD(R)), Fg = {Fr}._;-
(10)

However, these correlation features are still sensitive
to appearance variations, especially in complex mining
scenes. To address this issue, we introduce a Mask
Semantic Alignment (MSA) module that incorporates
structural priors into Fg. We adopt SAM as the mask
generator due to its class-agnostic design and strong
generalization to unseen categories, making it well-
suited for few-shot segmentation.

Specifically, given M class-agnostic mask priors
{Y;’)}f‘i |» We extract regional prototypes for both fore-
ground and background via Masked Average Pooling
(MAP):

VW) = MAP(Fg, Y"), vy = MAP(Fg, 1= Y{"). (11)

These prototypes are projected back to pixel space via
Reversed Masked Average Pooling (RMAP) (Li et al.,
2024), and fused to produce the final enhanced feature.

M

fg _ GING)
Fy = ZYq Vig

M
FE =) 1-YM v (12)
i=1 i=1

Different from previous SAM-guided approaches(Li
et al., 2024), which performs RMAP on foreground pro-
totypes only, we propose a dual-path alignment that
jointly models foreground and background correlations.
This is crucial in mining scenarios where foreground
and background regions often share similar spectral and
textural characteristics.

We therefore introduce a background alignment path
Fzg to complement the foreground path F’, and fuse
them as:

Fse = FIS 4 U8, (13)

While F‘,Zg captures object-specific responses, Fzg

suppresses background-induced false activations, re-
sulting in more discriminative and robust alignment.

3.5. Selective Edge Attention

Inspired by the large-kernel selective aggregation
mechanism in LSKNet and SKnet (Li et al., 2019,
2025), we develop a Selective Edge Attention (SEA)
module tailored for few-shot mining segmentation. Un-
like Li et al. (2019, 2025), which enhances contextual
representation in fully supervised settings, SEA is de-
signed to strengthen geometry-aware edge refinement



under limited supervision. Specifically, we incorpo-
rate Sobel-initialized convolutions to provide an explicit
structural prior and introduce residual modulation to
reinforce boundary preservation within the correlation
space.

In parallel with the semantic alignment branch, SEA
aims to preserve the intricate structural details and irreg-
ular boundaries of mining targets. To this end, multi-
scale edge features are extracted from the correlation
map Fg through a cascaded pathway of learnable Sobel
convolutions.

E; = Sobelsys(Fr), E; = Sobelsys(E1),  (14)

where the kernels are initialized as Sobel operators to
provide a geometry-aware starting point for edge detec-
tion. The filters are kept learnable to allow adaptive re-
finement of edge patterns, enabling the model to cap-
ture diverse structural variations beyond fixed gradient
operators. Each edge map E; is then compressed into a
channel-mixed feature U; through a 1 X 1 convolution.
To adaptively integrate these multi-scale cues, a spatial
attention block (Fig. 2(c)) generates scale-specific atten-
tion maps S ;.

[$1.S2] = o(Convyus(Concat(Uy, Un))),  (15)

where o denotes the sigmoid function. These attention
maps are used to selectively weight the corresponding
edge features U;, enabling SEA to capture both fine
edges from smaller targets and broader structural out-
lines from larger targets. The final edge-enhanced fea-
ture is obtained via residual modulation.

2
Fit = Fro(1+ Conlel(z Ui©S)).  (16)

i=1

By incorporating gradient-based structural priors and
adaptive feature modulation, SEA encourages the net-
work to focus on geometry-consistent regions and im-
proves the preservation of object structures. It is worth
noting that such structural awareness is implicitly en-
coded in the feature space rather than explicitly forming
pixel-level edge responses.

3.6. Mask Prediction and Training Criteria

The final query mask is predicted by aggregating the
original correlation map F with the semantic-aligned
features FR** and the edge-enhanced features Fy*
through a lightweight convolutional decoder. Specifi-
cally, these three representations are concatenated and
processed by two consecutive 3 X 3 convolution layers:

P, = Conv§y),( Concat(Fr, F, F®),  (17)

which enables complementary integration of global
semantic alignment and fine-grained structural refine-
ment.

Under the standard 1-shot setting, the prediction P, is
supervised using the Binary Cross-Entropy (BCE) loss
with respect to the ground-truth query mask M,,.

Li—shot = BCE(Pg, My). (18)

For the K-shot setting (K > 1), an ensemble strategy
is adopted: each support sample k generates a prediction
P(qk), and the training loss is averaged over all K support
predictions.

K
1
Lkt = 2 ) BCE(P, M,). (19)
k=1

During inference, the K predictions are fused via ma-
jority voting, improving robustness against outlier sup-
port samples while preserving the individual decision
boundaries.

4. Experiments

4.1. Datasets

To evaluate the proposed method in mining-area sce-
narios, we construct a few-shot semantic segmentation
dataset, termed DLRSD-mining-6, by integrating the
DLRSD dataset (Shao et al., 2018) with the LCMA
dataset (Zhou et al., 2023). Seventeen densely anno-
tated common land-cover categories are selected from
DLRSD, and mining-specific targets from LCMA (e.g.,
spoil heaps and mining pits in Fig 3) are merged into
a single mining category, resulting in a total of 18 se-
mantic classes. To reduce domain discrepancies, only
77 LCMA images containing mining regions are in-
troduced as the additional class, without using non-
mining regions to supplement other categories. Follow-
ing a standard few-shot protocol similar to that used in
DLRSD-5' (Wang et al., 2023), the categories are evenly
divided into three mutually exclusive folds, with 12 base
classes for training and six novel classes for testing in
each fold. The detailed class splits are reported in Ta-
ble 1. All images are resized into 256 X 256 patches,
and evaluation is conducted under an episodic support-
query setting.

To further assess generalization across diverse re-
mote sensing scenes, we additionally conduct experi-
ments on the iSAID-5i dataset. iSAID-5i is derived
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Figure 3: Representative image patches and semantic labels from
the DLRSD-mining-6' dataset, featuring diverse land-cover categories
and the specialized mining class.

Table 1: Testing Classes for Each Fold of DLRSD-Mining-6'

Dataset Test Classes

DLRSD-Mining-6° airplane, bare soil, build-
ings, cars, chaparral, court

DLRSD-Mining-61 dock, field, grass, mobile
home, pavement, sand

DLRSD-Mining-62 sea, ship, tanks, tree, water,
mining

from the iISAID benchmark, which contains 2,806 high-
resolution aerial images annotated with 15 semantic cat-
egories and 655,451 object instances. Following the
protocol of Yao et al. (2021), the categories are evenly
partitioned into three mutually exclusive folds, each
serving as unseen classes in turn, with class splits sum-
marized in Table 3. All images are resized to 256 X 256,
and a 3-fold cross-validation strategy is adopted, where
the model is trained on two folds and evaluated on the
remaining one.

4.2. Implementation Details

To obtain category-agnostic candidate regions, we
adopt the Segment Anything Model with frozen param-
eters as a mask generator, using the ViT-H variant as the
image encoder. Importantly, SAM is only used in an
offline manner to pre-generate masks, which are subse-
quently used as inputs for the APE module. Therefore,
SAM is not involved during training or inference and
does not introduce additional computational overhead.

During mask generation, input images are resized to
1024 x 1024, and 32 sampling points are uniformly
placed along each image edge. Masks with a stability
score below 0.5 are discarded. The remaining masks
are ranked by area, with up to 128 masks retained; when

the number of valid masks exceeds this limit, only the
top-ranked masks are preserved, whereas zero-valued
dummy masks are padded when fewer than 128 masks
are available, to maintain a fixed input size for subse-
quent modules.

For fair comparison, ImageNet-pretrained CNN
backbones (VGG16 (Simonyan and Zisserman, 2014),
ResNet50, and ResNet101 (He et al., 2016)) are em-
ployed as feature extractors, from which multi-scale
features at three levels are obtained. All images are re-
sized to 256x256 before being fed into the segmentation
network.

The model is trained using SGD with a momentum
of 0.9 and a weight decay of 5 x 107, The back-
bone is jointly optimized with other modules, while its
learning rate is set to be 10° times smaller to preserve
pretrained representations. Training is conducted for
50 epochs on iSAID-5i and 100 epochs on DLRSD-
mining-6', with initial learning rates of 1 x 1072/1x 1073
and 1 x 1072/1 x 1073 for weights/biases, respectively.
Each batch contains 16 support—query pairs, and all ex-
periments are performed on a single NVIDIA RTX 4090
GPU.

In terms of computational complexity, our model re-
quires 11.51 GFLOPs under the 1-shot setting with an
input size of 256 x 256, demonstrating favorable effi-
ciency.

By default, the hyperparameter @ in Eq. 3.3 is set to
0.5. In the Selective Edge Attention module, Sobel con-
volution kernels with sizes of 3 X 3 and 5 X 5 are em-
ployed to capture multi-scale edge information, as illus-
trated in Fig. 2.

4.3. Comparison of results

Comparison on the DLRSD-mining-6'. To verify the
effectiveness of the proposed framework, we conduct
comparative experiments on the proposed DLRSD-
mining-6' dataset. Performance is evaluated using the
mean Intersection over Union (mlIoU) under both 1-shot
and 5-shot settings across multiple backbone networks,
including ResNet-50, ResNet-101, and VGG-16. The
results of our method are reported in the “Ours” column
of the corresponding tables.

As shown in Table 2, the proposed method consis-
tently achieves the highest average mloU across the
three folds under all backbone configurations. Taking
ResNet-50 as an example, our method attains a mean
mloU of 45.20% in the 1-shot setting, outperforming
the recent MGCL (2024) by 4.77%. When increas-
ing the number of support samples to five, the perfor-
mance is further improved to 49.31%, indicating the



Table 2: Quantitative comparison on DLRSD-mining-6' dataset under 1-shot and 5-shot settings. Params denote the number of parameters exclud-
ing the backbone network for fair comparison. Methods marked with * use frozen backbones.

Backbone Network 1-shot (%) 5-shot (%) Params
Fold1l Fold2 Fold3 Mean Foldl Fold2 Fold3 Mean w/o backbone

HSNet* (Min et al., 2021) 30.59 36.59 41.06 36.08 33.87 40.25 44.44 40.40 2.57TM

SCCNet (Wang et al., 2023) 31.03 38.58 34.71 34.77 34.91 43.30 44.61 40.94 5.15M

VGG-16 SEMPNet* (Ao et al., 2024) 29.50 40.25 41.22 36.99 30.27 41.31 43.01 38.20 0.37M

HRL* (He et al., 2025)  26.63 29.88 30.97 29.16 29.26 37.25 39.12 35.21 10.97 M

MGCL (Liet al., 2024)  29.46 42.63 42.92 38.34 32.10 42.63 42.18 38.97 0.70 M

Ours 31.44 40.04 48.21 39.90 35.76 47.66 53.21 45.54 0.75M

HSNet* (Min et al., 2021) 33.40 40.44 44.44 39.43 38.49 4421 51.30 44.67 2.57TM

SCCNet (Wang et al., 2023) 28.67 38.40 38.28 35.12 32.01 42.92 48.01 40.98 5.15M

ResNet-50 SEMPNet* (Ao et al., 2024) 34.14 41.43 46.14 40.57 35.55 42.22 42.67 40.15 0.37M

HRL* (He et al., 2025)  26.33 33.00 31.60 30.31 29.73 39.33 34.72 34.59 1097M

MGCL (Li et al., 2024)  32.48 38.39 50.42 40.43 37.09 46.42 58.38 47.30 0.70M

Ours 36.65 45.49 53.45 45.20 41.27 50.35 56.38 49.31 0.75M

HSNet* (Min et al., 2021) 32.83 39.01 48.57 40.14 38.08 43.00 55.49 45.52 2.57TM

SCCNet (Wang et al., 2023) 23.43 40.90 50.51 38.28 27.58 44.97 53.12 41.89 5.15M

ResNet-101 SEMPNet* (Ao et al., 2024) 33.53 41.58 46.94 40.68 33.66 42.80 49.30 41.92 0.37M

HRL* (He et al., 2025)  22.72 34.08 35.42 30.74 2295 37.04 36.59 32.19 1097M

MGCL (Liet al., 2024)  30.06 38.44 52.37 40.29 31.39 46.42 58.31 45.37 0.70 M

Ours 3549 38.73 51.59 41.94 39.62 44.41 57.85 47.29 0.75M

effectiveness of the proposed framework in exploiting
additional support information. Moreover, as the back-
bone is deepened from ResNet-50 to ResNet-101, the
proposed method maintains a stable performance ad-
vantage. Notably, on the classical VGG-16 backbone,
our approach achieves 45.54% mloU in the 5-shot set-
ting, surpassing SCCNet by 4.6%. It is worth noting
that MGCL and SCCNet are trained without freezing
the backbone, while several other compared methods
adopt frozen backbone settings, following their origi-
nal implementations. Even under these mixed training
protocols, these improvements are achieved with only
0.75M parameters, remaining comparable to MGCL
and significantly more lightweight than most existing
methods. These consistent gains across different ar-
chitectures suggest that the performance improvements
mainly stem from the proposed APE, SEA, and MSA
modules rather than from a specific backbone choice,
which is further validated by the ablation studies in the
following section.

Comparison on the iSAID-5i. To further evaluate the
generalization capability of the proposed method, ex-

periments are conducted on the iSAID-5i benchmark.
As summarized in Table 3, the proposed approach
achieves the highest cross-fold mean mloU among all
compared methods under the 1-shot setting, demonstrat-
ing strong robustness in few-shot remote sensing sce-
narios.

Table 3 further reports quantitative comparisons un-
der both 1-shot and 5-shot settings with different back-
bone networks. With the VGG-16 backbone, our
method achieves mean mloU scores of 35.53% and
39.24% under the 1-shot and 5-shot settings, respec-
tively. Compared with the recent MGCL method, the
proposed approach improves the 1-shot performance by
1.80% while achieving comparable 5-shot results. No-
tably, our method obtains the best performance on Fold1
and Fold3 in the 1-shot setting, and consistently outper-
forms earlier approaches such as HSNet and SCCNet.

Consistent performance gains are observed with
deeper backbones. Under the ResNet-50 backbone, the
proposed method achieves 38.87% mloU in the 1-shot
setting and 45.40% in the 5-shot setting, outperforming
most recent methods and showing particularly strong



Table 3: Quantitative comparison on iSAID-5' dataset under 1-shot and 5-shot settings. Params denote the number of parameters excluding the
backbone network for fair comparison. Methods marked with * use frozen backbones.

Backbone Networks 1-shot(%) 5-shot(%) Params
Foldl Fold2 Fold3 Mean Foldl Fold2 Fold3 Mean w/o backbone
HSNet* (Min et al., 2021) 22.74 23.05 25.76 23.85 27.20 28.86 28.82 28.29 2.57TM
SDM (Yao et al., 2021)  29.24 20.80 34.73 28.26 36.33 27.98 42.39 35.57 8.73 M
VGG-16 SCCNet (Wang et al., 2023) 30.00 27.41 32.43 2995 36.52 31.40 37.53 35.15 5.15M
HMRE* (Jia et al., 2023) 36.48 28.28 35.36 33.37 37.33 29.28 43.36 36.66 -
MGCL (Lietal., 2024) 37.54 25.79 37.86 33.73 44.57 32.54 44.66 40.59 0.70 M
HSE (Jia et al., 2025) 37.18 29.79 36.04 34.34 47.03 36.75 45.66 43.15 -
DSMF-Net (Qi et al., 2025) 31.25 24.35 31.04 28.88 40.73 26.92 38.05 35.23 -
Ours 38.32 27.85 40.41 35.53 42.25 30.84 44.63 39.24 0.75M
HSNet* (Min et al., 2021) 30.76 24.35 38.20 31.10 38.08 30.56 45.28 37.79 2.57TM
SDM (Yao et al., 2021)  34.29 22.25 35.62 30.72 39.88 30.59 45.70 38.72 11.08 M
ResNet50 SCCNet (Wang et al., 2023) 36.21 27.42 43.37 35.67 42.58 30.30 50.26 41.05 5.15M
HMRE* (Jia et al., 2023) 40.88 32.88 37.22 36.99 42.41 34.69 41.06 39.39 -
MGCL (Lietal.,2024) 42.35 28.87 43.61 38.28 51.50 32.57 50.40 44.82 0.70M
HSE (Jia et al., 2025) 44.03 35.87 39.26 39.72 47.03 36.75 45.66 43.15 -
DSMF-Net (Qi et al., 2025) 39.03 25.92 40.57 35.17 43.69 30.81 42.32 38.94 -
- Ours 44.23 28.29 44.08 38.87 49.31 33.96 52.92 45.40 0.75M
HSNet* (Min et al., 2021) 34.91 26.51 40.84 34.09 41.71 31.08 48.54 40.44 2.5TM
ResNet-101 SCCNet (Wang et al., 2023) 37.65 29.19 42.99 36.61 41.87 32.12 49.63 41.21 5.15M
MGCL (Lietal.,2024) 42.35 28.87 43.61 38.28 51.50 32.57 50.40 44.82 0.70M
Ours 43.94 31.88 44.29 40.03 51.36 33.14 51.60 45.37 0.75M

performance in the 5-shot scenario. Although HSE
achieves a higher 1-shot result of 39.72%, its perfor-
mance drops to 43.15% in the 5-shot setting, whereas
our method maintains superior multi-shot generaliza-
tion capability. In comparison, DSMFNet achieves only
35.17% and 38.94% under the same settings, both sig-
nificantly lower than our approach.

Methods marked with “-” indicate that the corre-
sponding implementations are not publicly available,
and thus their parameter statistics cannot be obtained.
Despite the strong segmentation performance, the pro-
posed method requires only 0.75M parameters (exclud-
ing the backbone network), which is comparable to
MGCL and substantially fewer than most existing meth-
ods, demonstrating a favorable trade-off between seg-
mentation accuracy and model complexity.

4.4. Ablation Study

To comprehensively analyze the effectiveness of the
proposed modules for mining-area and remote sensing
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object segmentation, as well as the impact of their as-
sociated design choices, we conduct a series of abla-
tion experiments on the DLRSD-mining-6' dataset un-
der the 1-shot setting, using ResNet-50 as the backbone
network.

Effectiveness of Individual Modules. Table 4
presents an ablation study evaluating the contributions
of the APE module, SEA, and MSA modules. The base-
line model, which excludes all proposed components,
achieves a mean mloU of 38.23%, with particularly
limited performance on the mining category (16.70%),
indicating insufficient capability in modeling complex
mining-area semantics.

Introducing the APE module alone leads to a notice-
able improvement, raising the mean mloU to 41.65%
and increasing the mining-class mloU by more than
11%. This improvement indicates that adaptive prior
enhancement can enhance foreground representations
by leveraging category-agnostic semantic priors. When
the SEA module is further incorporated, the mining-
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Figure 4: Visual comparison of few-shot segmentation results on iSAID-5i and DLRSD-mining-6'.

Table 4: Ablation study on the effects of APE, SEA, and MSA mod-
ules.

APE SEA MSA Fold0 Foldl Fold2 Mean Mining

X X X 32.62 36.80 45.27 38.23 16.70
v X X 3247 43.85 48.64 41.65 28.09
v v X 35.61 44.10 46.21 41.97 35.20
X v v’ 3598 4192 51.19 43.03 28.35
v X v' 35.14 4141 51.11 4255 31.18
v v v’ 36.65 4549 53.45 45.20 36.98

class performance is substantially improved (from
28.09% to 35.20%), suggesting that selective edge at-
tention plays a crucial role in preserving fine-grained
structural information, which is essential for accurately
delineating irregular mining boundaries.

The integration of MSA with either APE or SEA con-
sistently enhances overall performance, particularly on
Fold2 which contains the mining class, implying that
mask-based semantic aggregation improves robustness
under challenging class distributions. Among the par-
tial configurations, the combination of SEA and MSA
achieves the highest mean mloU of 43.03%, highlight-
ing the complementary nature of boundary-aware fea-
ture refinement and region-level semantic aggregation.

Finally, the full model incorporating all three mod-
ules achieves the best performance across all folds,

reaching a mean mloU of 45.20% and a mining-class
mloU of 36.98%. Compared with the baseline, this
corresponds to improvements of 6.97% in mean mloU
and 20.28% in mining-class performance, respectively.
These results confirm that APE, SEA, and MSA jointly
contribute to more accurate and robust few-shot seg-
mentation in complex mining-area scenarios.

Ablation Study of Kernel Size in the Selective
Edge Attention. Table 5 evaluates the impact of dif-
ferent successive kernel size configurations in the SEA
module. Without SEA, the model achieves a mean
mloU of 42.55%, indicating limited capability in mod-
eling boundary-sensitive features, particularly for the
mining category.

Table 5: Ablation study on the combination of successive kernel sizes
in SEA.

(k1, k) Fold0 Foldl Fold2 Mean Mining
w/o SEA  35.14 41.41 51.11 42.55 31.18
(3x3,3x3) 35.17 37.63 52.73 41.84 35.97

(3x3,5%x5) 36.65 4549 53.45 45.20 36.98
(3x3,7x7) 36.10 43.28 50.44 43.27 31.78
(5x5,7x7T) 34.58 41.75 49.95 42.09 25.36

The design of SEA follows the selective multi-kernel
paradigm in SKNet and LSKNet, where combining two
kernels with moderate receptive field expansion pro-



vides an effective trade-off between representation ca-
pacity and efficiency. As shown in Table 5, small ker-
nels such as (3 x 3,3 x 3) offer insufficient contex-
tual modeling, whereas excessively large combinations
(e.g.,(3%x3,7x7)and (5% 5,7 x 7)) tend to reduce lo-
cal boundary sensitivity. This indicates that overly en-
larged receptive fields may dilute the spatial cues that
SEA aims to enhance.

Among all configurations, (3 X 3,5 X 5) consistently
achieves the best performance across all folds, obtaining
a mean mloU of 45.20% and a mining mIoU of 36.98%.
The 3 x 3 kernel maintains local edge structures, while
the 5 x 5 kernel moderately expands contextual percep-
tion, which is beneficial for irregular mining regions.
Therefore, (3 x3,5%5) is adopted as the default config-
uration of the SEA module.

Ablation Study of Fusion Parameter «. Table 6 an-
alyzes the influence of the fusion parameter @, which
balances query-adaptive and support-based foreground
prototypes. As our study primarily targets performance
under the 1-shot setting, with 5-shot serving as sup-
plementary evaluation, maintaining a balanced contri-
bution from support-derived semantic priors and query-
adaptive structural cues is expected to favor stable gen-
eralization.

Table 6: Ablation Study on the Fusion Parameter «

a Fold0 Foldl Fold2 Mean Mining
0 34.34 40.88 38.99 38.07 22.67
0.3 35.99 43.20 51.27 43.49 28.39
0.5 36.65 45.49 53.45 45.20 36.98
0.7 35.09 39.09 54.22 42.80 36.31
0.9 36.28 45.19 50.19 43.89 35.88
When @ = 0, performance degrades substan-

tially across all folds, indicating that relying solely
on support-derived prototypes fails to capture query-
specific variations. Introducing query adaptation (@ =
0.3) yields consistent improvements, confirming the ne-
cessity of instance-level refinement. The best over-
all performance is achieved at @« = 0.5, reaching a
mean mloU of 45.20% and the highest mining mloU
of 36.98%, demonstrating that balanced fusion provides
the most reliable representation under limited supervi-
sion.

Although Fold2 achieves its highest performance at
a=0.7, this behavior appears to be fold-specific rather
than indicative of a consistent trend. A closer inspec-
tion of the performance variation reveals that Fold2 is
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relatively insensitive to changes in @, showing only a
marginal improvement of +0.77% from @=0.5 to @=0.7.
In contrast, FoldO and Fold1 exhibit substantially higher
sensitivity to this coefficient. For instance, the perfor-
mance of Fold1 drops sharply from 45.49% to 39.09%
when « increases to 0.7, corresponding to a decrease of
6.40%.

This discrepancy suggests that Fold2 is less sensi-
tive to the fusion ratio, likely due to higher intra-class
diversity and more complex scene composition, where
stronger query adaptation remains beneficial. In con-
trast, Fold0 and Foldl exhibit relatively lower intra-
class variation, and over-emphasizing query-specific
cues introduces instability and degrades performance.
Therefore, @ = 0.5 provides a better trade-off between
support-based stability and query-driven adaptability,
leading to the most consistent performance across all
folds.

Sensitivity Analysis of the MSA Module. To fur-
ther investigate the proposed MSA module, we con-
duct additional sensitivity analyses on the SAM sta-
bility cthreshold, mask number, and SAM backbone
scale. As shown in Table 8, the best overall perfor-
mance is achieved when the stability threshold is set
to 0.5, whereas overly loose or strict thresholds slightly
degrade segmentation accuracy due to noisy or insuffi-
cient mask priors. Furthermore, the segmentation per-
formance generally improves as the number of gener-
ated masks increases, particularly for the mining cate-
gory, indicating that richer structural priors are benefi-
cial for sparse target localization. Although compara-
ble performance can still be achieved with fewer masks
(e.g., 32 or 64), the overall mloU obtained with 128
masks remains the highest. Considering that the SAM
automatic mask generator typically produces more than
100 masks per image on average, we empirically set
the maximum number of masks to 128 in order to suf-
ficiently exploit the structural information provided by
the generated masks. In addition, replacing SAM ViT-
H with lighter variants such as ViT-L and ViT-B results
in only moderate performance degradation. Since the
SAM masks are generated in an offline preprocessing
manner, the choice of SAM backbone does not affect the
actual training or inference efficiency of the segmenta-
tion framework. Therefore, SAM ViT-H is adopted as
the default configuration due to its superior overall per-
formance.

4.5. Discussion
4.5.1. Per-Class Performance Analysis

Table 2 presents a per-class mloU comparison on
the DLRSD-mining-6' dataset across 18 categories.



Table 7: Quantitative comparison (mloU, %) on the DLRSD—mining—6i dataset under 1-shot and 5-shot settings.

Networks Cl1 c2 C3 C4 C5 C6 C7 €C8 (CY9Y Cl10 CIl C12 Cl13 Cl4 Cl15 Cl6 Cl17 Cl18 Mean
1-shot
HSNet (Min et al., 2021) 30.55 30.56 28.70 11.99 42.97 55.64 25.63 97.56 29.10 44.12 23.78 22.47 58.71 50.29 32.60 38.28 55.89 36.98 39.77
SCCNet (Wang et al., 2023) 16.59 29.56 21.20 7.37 42.28 55.00 24.82 98.43 28.93 34.72 24.20 19.28 58.51 38.36 28.31 33.98 42.92 27.58 35.11
PCFNet (Ao et al., 2023) 30.36 33.64 33.09 15.38 43.09 57.78 22.42 95.87 34.85 48.95 33.13 27.29 68.24 50.60 41.72 36.85 52.02 29.61 41.94
SEMPNet (Ao et al., 2024) 31.90 26.43 33.06 15.24 46.06 52.12 20.79 96.85 32.39 45.04 33.65 19.87 65.88 60.38 39.40 36.33 52.79 22.07 40.57
HRL (He et al., 2025) 16.40 28.69 35.78 8.96 38.31 29.86 18.79 63.96 24.24 51.10 22.60 17.33 44.03 29.43 17.99 32.14 37.19 28.79 30.31
MGCL (Li et al., 2024) 25.13 25.30 38.18 10.00 40.37 55.87 22.02 77.98 29.18 46.31 31.04 23.78 90.01 46.48 47.35 36.28 57.07 25.34 40.43
Ours 40.51 33.58 36.44 9.84 42.86 56.66 24.25 96.60 33.35 52.83 38.01 27.89 91.01 48.55 45.89 40.20 58.04 36.98 45.19
S-shot
HSNet (Min et al., 2021) 40.30 32.58 31.03 16.92 43.22 66.90 27.44 98.11 34.54 46.11 28.85 30.22 64.55 49.54 44.56 45.78 63.32 40.05 44.67
SCCNet (Wang et al., 2023) 18.53 31.39 28.42 9.04 42.10 62.58 24.85 98.67 36.37 38.98 32.71 25.93 66.30 45.99 41.95 45.40 54.51 33.95 40.98
PCFNet (Ao et al., 2023) 34.49 39.20 42.88 19.27 43.12 67.20 23.15 97.36 43.57 51.21 36.99 36.36 82.45 52.31 49.50 40.70 62.27 37.51 47.75
SEMPNet (Ao et al., 2024) 32.45 29.60 36.92 17.14 44.63 52.57 20.83 96.85 32.32 4529 34.74 23.31 69.78 60.32 34.97 35.83 58.97 23.24 40.00
HRL (He et al., 2025) 3221 22.64 37.04 12.54 3291 41.04 20.90 79.42 33.61 51.76 32.00 18.27 37.33 26.42 25.87 39.21 50.57 28.94 34.59
MGCL (Li et al., 2024) 28.52 35.10 47.89 11.46 42.53 57.02 23.52 87.55 37.49 50.80 41.59 37.58 93.84 53.56 54.51 45.05 64.41 38.92 47.30
Ours 46.63 36.14 45.82 11.50 42.66 64.86 25.78 97.41 39.39 54.43 44.85 40.23 93.34 56.27 44.41 44.40 58.10 41.29 49.31

Table 8: Sensitivity analysis of the proposed MSA module under dif-
ferent stability thresholds, SAM backbone scales, and mask numbers.
Results are reported in terms of mIoU (%).

Setting Variant Fold0 Foldl Fold2 Mean Mining
0.3 3495 4188 49.87 4223 2992
Threshold 0.5 36.65 4549 5345 4520 36.98
0.7 3322 4333 5124 4260 30.14
0.9 3449 4402 49.60 4270 3152
ViT-H  36.65 4549 5345 4520 36.98
SAM Scale ViT-L  36.69 4575 5232 4492 33.04
ViT-B 3579 4242 4929 4250 3381
4 35.03 4418 39.59 39.60 2194
8 3458 4234 4348 4013 2723
16 3475 43.67 49.86 4276  25.60
Mask Number 32 3480 43.66 53.12 4389 36.41
64 3512 44.02 5259 4391 3579
128 36.65 4549 5345 4520 36.98

Overall, the proposed method achieves the highest
mean mloU of 45.19%, outperforming all competing
approaches, which demonstrates strong generalization
performance. Notably, our method shows consistent im-
provements on structurally complex and semantically
ambiguous categories, such as C10, Cl11, C12, C16,
and C17. In particular, the mining category (C18) bene-
fits significantly from the proposed framework, achiev-
ing the best mIoU of 36.98% under the 1-shot setting.
Compared with MGCL (25.34% in C18), our frame-
work exhibits a substantial performance lead. As indi-
cated by the ablation results in Table 4, even the partial
configuration comprising only APE and MSA (achiev-
ing 42.55% mean mloU and 31.18% mining mloU) al-
ready outperforms the full MGCL model (40.43% mean
mloU and 25.34% mining mloU). This confirms that
our MSA module, by introducing a background align-
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ment path during the decoding stage, provides superior
semantic alignment compared to the unidirectional fore-
ground enhancement used in MGCL. This dual-path de-
sign is particularly effective at resolving the ambiguity
between mining targets and look-alike background clut-
ter.

These gains reflect an enhanced capability in cap-
turing irregular boundaries and heterogeneous appear-
ances commonly observed in mining areas. When in-
creasing the number of support samples to 5-shot, the
proposed method further boosts the mining-class per-
formance to 41.29%, ranking first among all compared
methods. These gains further demonstrate the effective-
ness of the proposed adaptive prior enhancement and
boundary-aware modeling in challenging remote sens-
ing scenarios.

4.5.2. Visualization analysis of APE

As shown in Fig. 5, removing APE leads to incom-
plete object activation and fragmented predictions in
complex mining scenes, particularly around thin struc-
tures and irregular boundaries. In contrast, the pro-
posed APE module generates a spatial prior that is
approximately aligned with the target regions, provid-
ing reliable coarse localization that effectively guides
subsequent segmentation. This results in more com-
plete region coverage and improved boundary conti-
nuity, while simultaneously enhancing foreground re-
sponses and suppressing background interference. Such
behavior suggests that APE improves the discriminative
structure of the feature space by amplifying foreground-
consistent responses and attenuating background ambi-
guity. The consistent improvement observed across dif-
ferent samples further provides strong evidence that the



APE module enhances the robustness of segmentation
in mining environments.

4.5.3. Visualization analysis of SEA

We further analyze the behavior of the SEA module
through visualization in Fig. 6, which presents the in-
termediate responses (E;, E»), the SEA activation map,
and the final prediction alongside the query image and
ground truth.

It is important to note that SEA operates on high-
level correlation features rather than raw pixel intensi-
ties. The Sobel-initialized convolutions therefore en-
code structural information implicitly within the cor-
relation space, meaning the intermediate maps reflect
geometry-sensitive feature responses rather than ex-
plicit pixel-level edge maps.

As shown in Fig. 6, E| and E; respond to regions
at different scales, capturing complementary structural
cues. E; (3x3) captures fine-grained local boundary
responses, such as the circular contour of the storage
tank in row 2 and the diagonal structural patterns of the
dock in row 3, while E, (5X5) consolidates these into
smoother and spatially coherent representations by sup-
pressing high-frequency noise. Through the spatial at-
tention mechanism, these multi-scale responses are se-
lectively fused, producing the SEA activation that con-
centrates more consistently on foreground target regions
compared to either intermediate map alone. In rows 4-5,
where targets exhibit irregular or low-contrast appear-
ances, the intermediate responses are relatively diffuse.
Nevertheless, the SEA activation still achieves moderate
foreground concentration. Notably, even in cases where
the final predictions still show noticeable discrepancies
with the ground truth, the SEA activation maps consis-
tently reveal structural outlines that closely resemble the
target boundaries, further confirming that SEA provides
effective geometric guidance within the correlation fea-
ture space.

4.5.4. Comparison with Fully Supervised Mining Seg-
mentation

Previous studies have shown that even fully su-
pervised state-of-the-art models exhibit limited perfor-
mance in open-pit mining scenarios. For instance, EG-
UNet (Zhou et al., 2023), a representative fully super-
vised segmentation network specifically designed for
mining-area extraction, reports a mining-area mloU of
42.32% for the open-pit category on the LCMA dataset.
In contrast, the proposed method achieves a mining
mloU of 36.98% under the 1-shot setting and further
improves to 41.29% with 5-shot supervision.
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Despite relying on significantly fewer annotated sam-
ples, our approach attains performance that is highly
competitive with a task-specific fully supervised model.
Although the evaluation protocols are not strictly iden-
tical, this comparison still provides a meaningful refer-
ence for assessing practical effectiveness. The results
suggest that few-shot segmentation can approach the
performance level of dedicated fully supervised mining
models, highlighting its potential for mining-area anal-
ysis in scenarios where dense annotations are expensive
or difficult to obtain.

5. Conclusion

This paper investigates few-shot semantic segmen-
tation in complex mining scenes, where severe back-
ground clutter, large intra-class appearance variation,
and intricate object geometry significantly challenge ex-
isting RS-FSS methods. To address these issues, we
propose a Structure—Semantic Adaptive Matching Net-
work that enhances both semantic robustness and struc-
tural fidelity under extremely limited annotation condi-
tions.

To mitigate background clutter and class-specific bias
in mining scenes, we introduce an adaptive prior en-
hancement module to strengthen foreground represen-
tations before correlation matching. Built upon this, the
proposed framework enhances multi-scale 4D correla-
tion tensors from complementary semantic and struc-
tural perspectives. Specifically, the mask semantic
alignment module improves semantic consistency by in-
corporating class-agnostic regional priors from a frozen
Segment Anything Model, while the selective edge at-
tention module preserves fine-grained geometric struc-
tures and irregular object boundaries through multi-
scale spatial gradient modeling.

Extensive experiments on both the proposed DLRSD-
mining-6' dataset and the public iSAID-5i benchmark
demonstrate that S>AM-Net consistently outperforms
other methods under 1-shot and 5-shot settings across
different backbone networks. These results demonstrate
the effectiveness and robustness of the proposed struc-
ture—semantic adaptive matching network, highlighting
its potential for practical mining-area monitoring and
ecological restoration assessment in remote sensing ap-
plications.
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Figure 5: Visualization of the proposed APE module in mining scenes. From left to right: support image, query image, ground truth, prediction
without APE, adaptive prior generated by APE (Py,), and final prediction with APE (P,).

Appendix A. Additional Experiments

Appendix A.1. Ablation: APE Prior as a Direct SAM
Prompt

We evaluate a baseline that directly uses the APE-
generated prior as a binary prompt for SAM, bypassing
the proposed pipeline. Since SAM produces multiple
candidate masks, we adopt an oracle selection strategy
based on the highest mloU.

As shown in Table A.9, the proposed model signifi-
cantly outperforms this baseline (45.20 vs. 23.17 mean
mloU). This indicates that APE alone cannot provide
sufficiently structured prompts for SAM, and that direct
prompting is inadequate for complex remote sensing
scenes. Qualitative results in Fig. A.7 further show that
SAM performs well on objects with regular shapes, but
degrades in categories with large intra-class variation.
This is mainly because APE-generated masks provide
limited structural diversity when used as prompts for
SAM. In contrast, our method integrates SAM-derived
structural priors within the correlation space and refines
them via explicit alignment, leading to more robust and
consistent predictions across complex scenes.
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Table A.9: Comparison between our full model and the APE Prompt
+ SAM (Oracle) baseline across three folds.

Method Fold0 Foldl Fold2 Mean
APE Prompt + SAM (Oracle) 20.15 2727 22.10 23.17
Ours 36.65 4549 5345 4520

Appendix A.2. Ablation: Sequential vs. Parallel Design
of MSA and SEA

We investigate the architectural choice of using a par-
allel rather than sequential design for MSA and SEA.
The parallel structure allows both modules to operate
on the same correlation maps independently, leveraging
their complementary semantic and geometric cues.

As shown in Table A.10, the parallel design achieves
the best performance (mean 45.20), outperforming both
MSA—SEA (39.78) and SEA—-MSA (39.48). The
degradation of sequential designs can be attributed to
interference between semantic smoothing and gradient-
sensitive representations.

Overall, the parallel design better preserves comple-
mentary information from both branches, leading to
more stable performance in complex remote sensing
scenes.
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Figure 6: Visualization of the SEA module. From left to right: query image, ground truth, intermediate responses (E1, E;), SEA activation, and
final prediction.

Ground Truth Table A.10: Ablation study on the interaction order of MSA and SEA
modules.
Architecture Fold0 Fold1l Fold2 Mean
Ours Sequential (MSA—SEA) 3349 38.78 47.06 39.78
Sequential (SEA—MSA) 3249 39.65 4630 39.48
APE Promp( + Parallel (ours) 36.65 4549 5345 45.20
SAM
Figure A.7: Qualitative comparison between our method and the APE Appendix A.3. Ablation: Effect of Background Rectifi-
Prompt + SAM (Oracle) strategy. From top to bottom: query images, cation in the Prior Estimation
our segmentation results(red),and the results of the prompting-based
approach (green). In Eq. 4, the rectified prior is defined as P/¢ =

P/¢ — PP rather than directly using P/$. This for-
mulation introduces an explicit contrastive mechanism
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that suppresses background responses while enhancing
foreground-consistent activations.

As shown in Figure 5, the rectified prior produces
more concentrated spatial responses compared to P/,
which tends to generate diffuse activations across both
foreground and background regions.

As reported in Table A.11, replacing P/¢ with P/¢
leads to a consistent performance drop (42.74 vs. 45.20
mean mloU), demonstrating the effectiveness of back-
ground rectification in improving foreground prior qual-

ity.

Table A.11: Ablation study on the effect of background rectification
in the prior estimation (Eq. 4).

Method Fold0 Foldl Fold2 Mean
Only P78 3455 4334 5032 4274
Ours (P78 — PP2)  36.65 4549 5345 4520

Analysis of Learned Sobel Kernels in SEA

The learnable Sobel kernels in SEA are initialized
from canonical Sobel filters as geometry-aware priors,
but remain fully trainable during optimization. We also
evaluate a structurally constrained variant, where sym-
metry priors are enforced by learning only half of the
kernel parameters while fixing the remaining weights
through mirrored sign inversion.

As reported in Table A.12, the constrained variant
consistently underperforms the fully learnable kernels
(42.46 vs. 45.20 mean mloU), suggesting that strict
preservation of Sobel structure is unnecessary for op-
timal performance.

Figure A.8 visualizes the learned filters before and af-
ter training. The trained kernels exhibit clear adaptation
while still preserving gradient-sensitive characteristics,
with several filters retaining evident symmetry patterns
similar to classical gradient operators.

The deviation of the 5 x 5 kernels from canonical So-
bel filters is expected due to the cascaded design. Since
the preceding 3 X 3 Sobel layer already captures first-
order gradients, the larger kernels mainly refine higher-
order structural information, leading to more diverse yet
task-adaptive patterns.

Table A.12: Ablation study on kernel constraints in SEA.

Method Fold0 Foldl Fold2 Mean
Structural constraints 3449 41.62 51.28 4246
Learnable kernels (ours) 36.65 4549 5345 45.20
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Figure A.8: Comparison of filter responses before and after training.

To further analyse kernel behaviour, we visualise fil-
ters before and after training in Figure 6. The learned
kernels exhibit noticeable adaptation while still preserv-
ing clear gradient-sensitive patterns, rather than degen-
erating into arbitrary structures; some filters also retain
evident symmetry consistent with classical gradient op-
erators. The deviation of the 5x5 kernels from canoni-
cal Sobel form is expected due to the cascaded design:
as the 3x3 Sobel filter already captures first-order gra-
dients, the 5x5 kernels act as higher-order structural re-
finers rather than standalone edge detectors, leading to
more diverse but task-adaptive patterns.

Statistical Stability of the Mining Category and Spatial
Independence of Support—Query Pairs.

The mining category is only available in Fold 2 of the
LCMA dataset. Nevertheless, all competing methods
are evaluated under identical episode sampling and ran-
dom seed settings, ensuring fair comparison. Following
the reviewer’s suggestion, we report mean =+ std results
over three random seeds (0, 123, 321) in Table A.13,
confirming consistent performance with small variance.
We acknowledge that the limited scale of this subset is
an inherent constraint, and plan to expand the mining-
category data in future work to reduce split-sensitivity.

Regarding spatial correlation: patch overlap occurs
only at boundary margins, which contain virtually no
mining targets, as mining sites are geographically dis-
crete and concentrated in isolated inland areas. Spa-
tial visualisation confirms no overlapping mining re-
gions across any support—query pair, and reported per-
formance is not inflated by spatial leakage.

Backbone Training and Parameter Counting.

The backbone network is jointly optimized during
training with a reduced learning rate rather than being
frozen.



Table A.13: Comparison of different methods under three random seeds. Results are reported as mean + std (%).

Method C1 C2 C3 Cc4 C5 C6 Cc7 Cc8 C9 Cl0 Cil Cl2 C13 Ci4 Ci5 Cl6 C17 C18 mloU
1-shot
31.99 29.04 28.11 12.17 4293 58.65 25.67 9791 27.76 41.86 23.01 2259 5857 48.07 36.17 39.54 5692 3359 39.70
HSNet (Min et al., 2021) +1.40 +1.84 096 +1.03 +0.15 +3.28 +025 036 *1.30 +196 +1.18 +0.73 +1.85 284 +0.60 =+0.75 +2.12 +236 +0.24
1797 2939 2056 7.45 4239 5567 2508 9846 27.55 3280 24.10 21.51 5723 3876 31.83 33.63 4396 27.52 3533
SCCNet (Wang et al., 2023)  +1.52  +0.55 +0.69 +0.48 +0.10 +0.81 +0.30 +0.15 +1.20 +1.68 +0.15 206 +1.55 +035 +325 +0.32 +1.25 +3.34 034
33.61 3287 3142 1514 4345 6135 2333 96.09 3439 4822 3181 28.65 6645 4647 4286 3929 5374 30.06 42.18
PCFNet (Ao et al., 2023) +291  +0.76 146 +025 036 +3.09 +0.79 +0.21 +058 +0.80 +1.33 +1.34 +333 +359 099 +2.19 +1.67 +1.84 +0.22
31.65 27.16 3269 1526 4517 5153 2081 96.85 3212 4514 33.08 21.87 6325 60.33 40.13 36.01 5337 2198 40.46
SEMPNet (Ao et al., 2024) +0.25  +0.69 +0.54 +0.09 £1.04 +1.15 +0.05 +0.01 +0.51 +0.19 +0.57 +1.73 +2.68 +0.44 +2.06 +029 +0.56 +0.16 +0.30
2672 2988 3721 930 4035 5545 2248 79.54 2841 4640 3148 2592 90.09 4591 50.09 3481 5942 2675 41.12
MGCL (Li et al., 2024) +1.72  +6.76 +095 +0.62 022 +227 040 +1.69 +0.94 +029 +0.97 215 +039 057 +2.80 *129 +2.05 *1.52 +0.60
40.95 33.90 37.65 9.62 4251 5827 23.82 9630 3213 5297 3728 30.53 9025 47.14 4729 39.89 59.66 35.53 45.32
Ours +1.01  +0.28 £1.07 045 +033 +1.61 +050 +0.69 +1.08 +0.53 +0.64 +233 +2.08 £137 230 +0.34 +1.54 *127 +0.30
5-shot
3524 2972 2888 13.82 43.01 6207 2628 98.09 29.57 4252 2470 2517 6094 49.61 3880 4190 59.67 3569 4143
HSNet (Min et al., 2021) +443  +279 £2.03 +2.87 +023 +4.87 £1.04 +0.19 434 £3.11 £3.72 +443 350 +0.82 +5.01 £337 +3.46 445 £2.81
1859 31.31 2891 9.14 42,18 61.52 2469 9876 36.11 3888 3269 2634 6697 4582 4245 4645 5445 36.04 41.18
SCCNet (Wang et al., 2023)  +0.08 +0.16 +0.78 +0.47 +0.10 +0.93 +0.14 +0.14 +0.23 042 +0.14 043 155 045 =+1.72 +093 +0.37 +2.62 +0.23
37.29 38.67 4137 18.16 43.68 68.60 23.79 97.73 4243 5145 3853 3386 80.77 4642 4928 4137 6190 37.05 4735
PCFNet (Ao et al., 2023) +247  +0.54  £139 +096 049 +1.26 +0.56 +033 +0.99 +034 133 £2.16 +2.73 £5.11 +1.47 058 +0.71 072 +0.35
3245 2954 37.06 17.20 4495 5240 20.84 96.85 3238 4513 3485 2320 6895 60.27 3468 3565 59.34 2372 41.10
SEMPNet (Ao et al., 2024) +027  +0.12  £033  +0.06 +0.74 +0.52 +0.02 +0.00 +0.06 +032 +0.10 +0.13 +1.50 +0.31 +1.48 +0.20 +034 +0.59 +0.95
2929 3470 4827 1148 4264 5678 2338 8739 3772 5027 4148 3564 9328 5351 5729 4596 64.62 39.19 46.62
MGCL (Li et al., 2024) +1.12 045 £1.02 +034 009 +0.83 +026 +023 +0.24 049 +0.16 =+1.68 +0.61 +0.30 +3.22 +0.86 +041 245 =*1.25
4798 36.02 4595 1129 4280 6230 2522 9721 39.71 5448 4494 3836 9346 5726 4948 4450 57.68 40.70 49.41
Ours +1.29  +031 +036 +0.32 +0.19 +239 +0.55 +0.17 +038 +0.11 +0.16 =+1.63 +0.66 +0.53 +0.21 +0.14 +0.56 +091 +0.18

C1-C18: airplane, bare soil, buildings, cars, chaparral, court, dock, field, grass, mobile home, pavement, sand, sea, ship, tanks, tree, water, mining region

For parameter counting, we follow the common prac-
tice of reporting only task-specific modules exclud-
ing the backbone network. Accordingly, all compared
methods are unified under the same setting in the revised
table, and methods using frozen backbones are marked
with “*”. Since total parameter counts vary substan-
tially across different backbone choices, we additionally
report total parameters (including the backbone) under
the ResNet-50 setting in Table A.14.
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