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Generalized Few-Shot Semantic Segmentation for
Remote Sensing Images

Yuyu Jia, Jiabo Li, and Qi Wang, Senior Member, IEEE

Abstract—Few-shot segmentation (FSS) techniques enhance
pixel-level interpretation of unseen classes while reducing reliance
on extensive labeled data. However, FSS still faces significant
limitations in practical applications: it is restricted to segmenting
novel classes and relies on manually constructed support-query
pairs during inference. We are the first to introduce the Gen-
eralized Few-Shot Segmentation (GFSS) task to remote sensing
analysis. It enables simultaneous segmentation of base and novel
classes without manual prior interventions. The most intuitive
construction is to extend a pre-trained base classifier with a
novel classifier. Nevertheless, since the latter is aggregated from
a limited number of supports while the former is trained on
abundant data, this disparity inevitably introduces a base class
bias, leading to suboptimal segmentation results. This paper
proposes a Background-aware Self-mining Prototype Learning
(BSPL) strategy to address the issues above. Specifically, we
design a dynamic prototype update mechanism during training
to enhance the model’s adaptability in few-shot scenarios and
thereby mitigate the base class bias. Considering the intra-
class variation and complex background elements in remote
sensing images, we customize segmentation guidance for each
query through background-aware self-mining, achieving more
precise segmentation performance. Compared to peer algorithms,
extensive experiments demonstrate that BSPL achieves the best
overall segmentation performance for both base and novel classes,
indicating its significant practicality.

Index Terms—Generalized few-shot segmentation, intra-class
variation, complex background elements, remote sensing.

I. INTRODUCTION

SEMANTIC segmentation, as a fundamental image analysis
technique, is widely applied in various real-world remote

sensing applications [1], [2], [3], [4], [5], [6]. Over the past
6-10 years, deep learning-based semantic segmentation algo-
rithms [7], [8], [9] have achieved remarkable results, driven
by the availability of large-scale labeled datasets. As a result,
challenges related to data collection in specialized scenarios
and the high cost of manual annotation have emerged. Con-
sequently, researchers have increasingly focused on reducing
the model’s dependency on large datasets [10], [11], [12], [13].
Few-Shot Segmentation (FSS) [14], [15], [16], [17], following
extensive training on abundant data, aims to leverage a min-
imal number of annotated samples to guide the segmentation
of novel/unseen classes effectively.
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Fig. 1. Differences in task settings between FSS and GFSS.

FSS datasets are composed of a base set with abundant
labeled samples and a novel (unseen) set. To simulate the few-
shot scenario, FSS models typically utilize a meta-learning
paradigm that divides the base set into multiple episodes
during training. In each episode, a few pixel-level labeled
supports are aggregated into class prototypes and then used to
guide the segmentation of queries within that class. Manually
selected support-query pairs are fed into the model during
inference to obtain segmentation results for novel queries.
Although FSS has enhanced the practicality of pixel-level
image interpretation to some extent, it encounters three critical
limitations when attempting to advance further in real-world
applications [18], [19]: (i) FSS requires that categories in
the supports must also be present in the queries, necessi-
tating a manual selection to construct support-query pairs.
This introduces an unrealistic prior knowledge assumption for
unseen scenarios. (ii) Even when queries encompass multiple
categories, most FSS methods are restricted to binary seg-
mentation. (iii) Although performance on unseen classes has
improved, the ability to effectively segment base classes has
not been adequately preserved, as shown in Fig. 1(a).

With these considerations in mind, we introduce the task
of Generalized Few-Shot Segmentation (GFSS) specifically
for remote sensing imagery (Fig. 1(b)). Without manually
constructed support-query pairs, GFSS enables simultaneous
segmentation of both known and unknown classes in a query
sample, aligning better with real-world application demands
[20], [21]. The most intuitive construction strategy is: one
initially trains a base classifier using ample base class data
and subsequently aggregates a novel classifier from the novel
supports through methods like prototypical learning. Finally,
the two classifiers are unified to perform the segmentation task.
However, this strategy still faces three significant challenges
that severely impact the performance: (i)The base classifier
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is trained on a substantial dataset, while the novel classifier
is derived from a limited number of supports. This disparity
inevitably results in a bias towards the base classes. (ii) The
significant intra-class variances in remote sensing images pre-
vent a limited number of supports from providing high-quality
class prototypes. (iii) The diverse background elements in
remote sensing images render a global background prototype
representation unreliable.

In this work, we propose a novel framework for addressing
the GFSS task in remote sensing images, called Background-
aware Self-mining Prototype Learning (BSPL). Overall, we
build on prototypical learning [22], [23], [24] from prior FSS
research, using class prototypes as classifiers and deriving
segmentation results based on metric space distances. To
address base class bias resulting from data volume disparity,
we propose a Dynamic Prototype Updating (DPU) mechanism.
Each batch is considered a pseudo-episode, from which pro-
totypes of a few samples are extracted to simulate the few-
shot scenario and used to update the base classifier, thereby
enhancing the model’s adaptability in few-shot situations.
Considering that a handful of supports cannot cover significant
intra-class variations and a single global prototype struggles to
represent diverse backgrounds, we design a Background-aware
Self-mining (BS) strategy to customize segmentation guidance
for each query. Embracing the notion that pixel feature simi-
larity within the same object surpasses that between different
objects [25], BS leverages the query prototypes to guide their
segmentation, thereby attaining more reliable performance.

It is worth noting that the proposed BS module introduces
no additional learnable parameters. Instead, it only adds a
minimal amount of basic computation during the inference
phase and does not participate in the model’s training process.
In summary, our contributions are as follows:

1) For the first time, we introduce a task more aligned
with practical applications for remote sensing im-
ages—Generalized Few-Shot Segmentation (GFSS) and
present the BSPL framework as an effective solution.

2) We design a dynamic prototype updating mechanism and
background-aware self-mining strategy to address the
base class bias and challenges arising from the inherent
characteristics of remote sensing images, i.e., intra-class
variances and diverse background elements.

3) Extensive experiments demonstrate that the proposed
BSPL significantly outperforms traditional FSS ap-
proaches in the GFSS task and sets a new state-of-the-art
benchmark.

II. RELATED WORKS

A. Few-Shot Learning

Few-shot learning (FSL) has been a perennial and classic
topic in machine learning, addressing two particular chal-
lenges: (i) Modeling a category recognizer with a few labeled
samples. (ii) Generalization to unseen categories. Over years of
research, metric-based methods [26], [27], [22], [28], [29] have
dominated, mapping support and query samples into a shared
metric space and predicting class labels based on the distance
between query samples and class prototypes. Recently, with

the rise of language models [30], [31], [32] researchers have
discovered that semantic description knowledge can effectively
complement the limitations of a single visual modality, leading
to the development of higher-quality classifiers [33], [34],
[35], [36]. In the field of remote sensing, FSL has also seen
rapid advancements. For instance, SPNet [37] proposes a two-
branch structure equipped with prototype self-calibration and
inter-calibration mechanisms to optimize the representative-
ness of prototypes. DA-CAA [38] focuses on the interaction
between the source and target domains, transferring class-level
distribution information learned from the base classes to the
novel classes, thereby mitigating the issue of source domain
bias. ProtoConViT [39] posits that limited training samples
contain rich spatial contextual information for generalizable
discriminative knowledge, introducing a heterogeneous proto-
type distillation approach to fuse prototypes from CNN and
ViT models.

B. Few-Shot Segmentation

Few-shot segmentation (FSS) extends the principles of FSL
to a more advanced level by performing pixel-level analysis of
images. It typically follows a dual-branch structure [14]: one
branch generates segmentation guidance from supports, while
the other performs segmentation on queries. According to the
segmentation decoding approach, FSS methods are generally
categorized into prototype-based [40], [41], [42], [43] and
dense comparison-based paradigms [44], [45], [46]. In recent
years, advanced FSS methods have proliferated in response to
the more challenging nature of remote sensing images. For
example, HMRE [47] devises a mutual enhancement strategy
for representations to activate shared features between support
and query sets. MGCL [48], considering the challenge of
low foreground-background contrast in remote sensing images,
proposes a mask-guided feature enhancement method. HPR
[49] employs a parameter-free adaptive approach to generate
multiple representative prototypes, compensating for the limi-
tations of a single prototype’s insufficient semantic expression.
HSE [50] is the first to propose leveraging class description
text information to enrich segmentation guidance, significantly
improving performance. DMNet [51] introduces a class-shared
semantic mining module that effectively suppresses irrelevant
feature contamination by capturing shared semantics between
support and query image pairs.

Nevertheless, the FSS task setting still falls short of practical
application requirements, as it does not account for base
classes during inference and is limited to binary segmentation.

C. Generalized Few-Shot Segmentation

Generalized Few-shot Semantic Segmentation (GFSS), a
more challenging task, is first introduced by Tian et al [52].
It simultaneously considers the segmentation of both base
and novel classes during inference, without the need for
paired support-query construction. Currently, relevant research
is limited and primarily focuses on natural images. POP
[53] orthogonal constraints to encourage prototype orthogo-
nality, thereby mitigating the impact on base classes when
updating for novel classes. PCN [54] addresses base class
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Fig. 2. Illustration of the BSPL framework. We introduce a DPU mechanism in the training process, treating each batch as a pseudo-episode to optimize a
few-shot updater. This grants the model adaptability to few-shot scenarios and helps mitigate base class bias. In inference, the proposed BS module customizes
segmentation guidance for each query on two levels. First, a query prototype self-miner aggregates high-confidence foreground region features from the
samples to mitigate intra-class variation. Additionally, we design a pixel-level background prototype to address the complex background elements in remote
sensing images. Finally, we perform a weighted fusion of the classifiers generated at each stage to achieve pixel-level discrimination across all categories.

bias in segmentation results by integrating classifier scores
rather than parameters and introduces a prediction calibration
module. Visual prompts, as demonstrated in [55], enhance
segmentation performance for novel classes and maintain an
accurate representation of base classes, even when learned
from limited samples. Model bias is thoroughly examined
in [56], aligning base and novel class learning in few-shot
scenarios, and proposing a class-agnostic foreground-context
awareness strategy.

However, there is currently no research on FSS within the
field of remote sensing. This paper introduces an effective
solution tailored to the unique characteristics of remote sensing
imagery, advancing the practical application of pixel-level
analysis in few-shot scenarios.

III. METHODOLOGY

A. Preliminaries

1) Standard few-shot segmentation: A standard few-shot
segmentation dataset is divided into two class-disjoint sets
of classes: Cb ∩ Cn = ∅. Under the meta-learning paradigm,
training and testing are performed in episodes T = {S,Q},
each containing paired support S = {xk,mk}Kk=1 and query
Q = {xq}Qq=1 sets. Let x∗ ∈ RH×W×3 and m∗ ∈ RH×W

denote an image (shot) and its corresponding binary mask,
respectively. Using limited supervision from the support set,
the model is expected to predict the segmentation result yq ∈
[0, 1]H×W×2 for a query sample xq . It is important to note
that the segmentation result yq contains predictions only for
the background class cbg and a specific novel class cn ∈ Cn.
Furthermore, FSS inherently involves an unreasonable prior
assumption that the support set must contain the target classes
present in the query.

2) Generalized few-shot segmentation: The generalized
setup extends FSS towards practical applications. Specifi-
cally, it eliminates the unreasonable support-query pair prior.
Through a two-phase process: training on a base set with
abundant samples in the first phase, followed by incorporating
limited support information for novel classes in the second, the
GFSS model achieves prediction across all categories, meaning
yq ∈ [0, 1]H×W×(1+|Cb|+|C|n|).

3) The baseline of generalized few-shot segmentation:
GFSS models M follow a common segmentation framework,
which can be decomposed into a feature extractor F and a
classifier H:

M = F ◦ H. (1)

The feature extractor maps the input image to a d-dimensional
latent space, where prototypes of the same dimensionality
serve as the classifier. Base prototypes (including the back-
ground) Ob ∈ R(|Cb|+1)×d are used to predict base classes,
while novel prototypes On ∈ R|Cn|×d are used to predict novel
classes.

During the training phase, we optimize the base prototypes
Ob using the abundant base class data combined with a
cross-entropy loss function. The novel class prototypes can be
derived from their corresponding support sets through mask
average pooling (MAP) as follows:

pcn =
1

K

K∑
k=1

∑
h,w mc

k(h,w)F(xc
k)(h,w)∑

h,w mc
k(h,w)

, (2)

where ∀pcn ∈ On, xc
k and mc

k represent the k-th sample and
its binary mask for class c in the support set. The classifier H
can be represented as:

H = Ob ∪On. (3)
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Finally, we use cosine similarity φ as the metric to obtain the
classification results for each pixel in the query sample:

yq(h,w) = argmax
c

exp(φ(F(xq)(h,w), p
c))∑

pc∈H exp(φ(F(xq)(h,w), pc))
, (4)

where h ∈ {1, · · · , H} , w ∈ {1, · · · ,W}, c ∈
{bg, 1, · · · , |Cb|+ |Cn|}, and bg denotes the background.

B. Overview

This paper proposes the Background-aware Self-mining
Prototype Learning (BSPL) framework to tackle the gener-
alized few-shot semantic segmentation (GFSS) task in remote
sensing imagery. This framework includes a Dynamic Pro-
totype Updating (DPU) mechanism III-C and a Background-
aware Self-mining (BS) strategy III-D, with the overall training
and inference process illustrated in Fig. 2. The left part
describes the DPU mechanism. It treats each batch during
training as a pseudo-episode, using few-shot prototypes to
dynamically update the base prototypes, enhancing the model’s
adaptability in few-shot scenarios. The right part illustrates the
BS strategy, which is only involved in the inference process. It
customizes segmentation guidance for each query and refines
the background prototypes to better align with the remote
sensing image characteristics. Finally, the prototypes generated
by the BS strategy are combined with the base class prototypes
from the training phase to form the final classifier III-E, which
produces the segmentation results.

C. Dynamic Prototype Updating (DPU)

Original base class prototypes Ob learn inclusive category
perception from sufficient data. In contrast, prototypes of novel
classes On are obtained by average pooling a small number
of supports. Directly merging the two according to Eq. 3 will
inevitably result in a bias toward the base class. To render it
manageable, we employ the DPU mechanism during training
to endow the classifier with few-shot adaptability. Each batch
is treated as a pseudo-episode, we randomly select a handful
of samples containing a subset of base classes Cfs and extract
their few-shot prototypes Ofs through the MAP operation as:

Ofs,c =

{ ∑
h,w mc(h,w)F(xc)(h,w)∑

h,w mc(h,w) c ∈ Cfs
pc Otherwise

, (5)

where c ∈ {bg, 1, . . . , |Cb|}, and ∀pc ∈ Ob. Subsequently, Ofs

and Ob are concatenated and fed into a meticulously designed
few-shot updater U to obtain the update coefficient:

u = U([Ob;Ofs]) ∈ R(|Cb|+1)×1. (6)

Thus, dynamically updated prototypes can be expressed as:

Oup = u ∗Ob + (1− u) ∗Ofs. (7)

Finally, the cross-entropy loss is leveraged to optimize updated
prototypes Oup and the few-shot updater U .
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D. Background-aware Self-mining (BS)

1) Self-mining query prototypes: Due to significant intra-
class variability in remote sensing images, the limited sup-
ports are insufficient for comprehensive class representation,
hindering reliable segmentation guidance. The classic Gestalt
similarity law [57] posits that parts within the same entity are
more similar to each other than to parts of different entities
within the same category. Inspired by this, we customize
segmentation guidance for each query by self-mining its query
prototype during inference time, as in the upper part of Fig.
3.

Assuming the support set contains the category subset Csp,
which includes all novel classes Cn and a portion of base
classes, the support prototype can be computed using the MAP
operation as shown in Eq. 2:

P sp,c =

{
MAP (mc

k,F(xc
k)) c ∈ Csp

pc Otherwise
, (8)

where c ∈ {bg, 1, . . . , |Cb|, . . . , |Cb|+ |Cn|}, and ∀pc ∈ Ob.
The coarse-grained probability distribution map for query xq

can be obtained using cosine similarity:

D0 = softmax(φ(P sp,c,F(xq))). (9)

We can similarly derive the query prototype through the
query mask. However, considering the query mask cannot be
directly accessed during inference, a soft truncation method is
employed on D0 to generate the estimated query mask:

Dfg = I(D0 > τfg) ∗ D0, (10)
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where I is the indicator function and τfg is used as the
foreground threshold to control the strictness of sampling.
Thus, the query prototype is formulated as follows:

P qr = MAP (Dfg,F(xq)). (11)

To fully integrate the support and query prototypes, we ap-
ply the weighted summation to obtain the inference prototypes:

P infer = rinfer ∗ P qr + (1− rinfer) ∗ P sp, (12)

where rinfer = max(φ(P sp,P qr), 0), it serves to assess the
reliability of the query prototype. If the correlation between
the two prototypes within a specific category is relatively high,
the customized segmentation guidance, i.e., query prototype, is
given greater weight. Conversely, a lower correlation suggests
that the query prototype introduces irrelevant information,
thereby reducing its weight.

2) Background prototype adaptation: Remote sensing im-
ages are rich in geospatial information, often resulting in
complex backgrounds. For example, if the foreground is a car,
the background may include diverse elements like buildings,
roads, and vegetation. Consequently, a global prototype is
inadequate for accurately representing the background class.

Therefore, we plan to adapt pixel-level background segmen-
tation guidance for each query sample. The specific process is
illustrated in the lower part of Fig. 3. The idea is to aggregate
high-confidence background information probabilistically onto
each pixel. Specifically, we first collect pixel-level features that
tend to belong to the background category:

F bg = R(F(xq) ∗ Dbg) ∈ RC×B , (13)

where Dbg = I(D0 > τbg), R represents the reshape operation,
B denotes the number of collected background pixels, and τbg
is the background truncation threshold. Then, we generate a
probability map on xq for each pixel concerning all back-
ground features:

A = softmax(F bg ⊗F(xq)) ∈ RB×H×W , (14)

where ⊗ stands for the matrix multiplication. The probability
map is ultimately used to weigh and aggregate the background
features at each pixel, adapting the pixel-level background
segmentation guidance:

pbg = F bg ⊗A ∈ RC×H×W . (15)

E. Classifier Integration

For the base class classifier, Ob, which undergoes sufficient
data optimization during training, tends to be more inclusive.
In contrast, P infer, generated during inference, is tailored to
specific few-shot tasks. Therefore, we leverage the pre-trained
few-shot updater U to achieve a complementary integration of
both. Additionally, pbg replaces the background segmentation
guidance, generated from Eq. 15. Formally, the base class
classifier Hb can be expressed as:

Hb,c =

{
pbg c = bg
ũ ∗Ob,c + (1− ũ) ∗ P infer,c Otherwise

,

(16)
where ũ = U([Ob;P infer[bg, 1, · · · , |Cb|]]) represents the
update coefficient and c ∈ {bg, 1, . . . , |Cb|}. The novel class
classifier Hn is directly derived from the inference prototype
generated by Eq. 12:

Hn = P infer[|Cb|+ 1, · · · , |Cb|+ |Cn|]. (17)

The final classifier can be expressed as:

H̃ = Hb ∪Hn. (18)

IV. EXPERIMENTS

A. Datasets

We employ the widely used dataset iSAID-5i [58] in FSS
to compare with peers and perform ablation studies to validate
the effectiveness of the proposed method. It encompasses
18,076 samples, each with a size of 256×256 pixels. The
15 covered categories are evenly divided into 3 groups, i.e.,
i = {0, 1, 2}. The specific categories and quantities of each
split are shown in Fig. 4. The experiment employs cross-
validation, where two splits are selected as the base set, and
the remaining split is used as the novel set.

B. Implementation Details

The baseline architecture of the proposed BSPL strategy
is derived from PSPNet [59], utilizing ResNet50 [60] as the
backbone. During the initial training phase, the baseline model
employs the DPU mechanism III-C and is optimized on the
base set with ample samples, using the standard cross-entropy
loss function. In each batch, samples from 5 randomly selected



6

TABLE I
SEGMENTATION (MIOU) COMPARISON ON THE ISAID-5i DATASET UNDER 1-SHOT AND 5-SHOT SETTINGS. BOLDED VALUES INDICATE THE BEST

PERFORMANCE, WHILE THE SECOND-BEST PERFORMANCES ARE UNDERLINED.

Shot Methods
Split0 Split1 Split2 Average

Base Novel Base Novel Base Novel Base Novel Total

1

CANet [41] 38.83 13.39 54.47 6.04 45.96 8.11 46.42 9.18 34.01
PANet [40] 44.24 14.28 61.50 6.68 48.46 10.02 51.40 10.33 37.71

PFENet [61] 45.12 14.37 60.46 6.77 48.57 8.26 51.38 9.80 37.52
SCL [62] 45.67 13.27 61.45 5.02 47.89 6.08 51.67 8.12 37.15

HMRE [47] 42.55 12.25 59.99 5.56 48.59 7.40 50.38 8.40 36.39
SDM [58] 43.56 14.05 61.25 6.67 49.52 9.28 51.44 10.00 37.63

CAPL∗ [52] 47.44 14.77 61.59 6.76 50.43 13.31 53.15 11.61 39.30
POP∗ [53] 48.42 15.96 61.66 7.05 50.93 13.29 53.67 12.10 39.81
BSPL(ours) 50.19 19.97 62.90 9.11 51.79 14.58 54.96 14.55 41.49

5

CANet [41] 39.32 14.12 55.23 7.10 46.38 9.37 46.98 10.20 34.72
PANet [40] 44.98 15.14 62.39 8.01 49.27 11.30 52.21 11.48 38.63

PFENet [61] 45.88 15.46 60.94 8.21 49.08 10.22 51.97 11.30 38.41
SCL [62] 45.64 14.55 62.09 7.14 48.60 8.89 52.11 10.19 38.14

HMRE [47] 43.47 14.57 60.28 7.57 48.96 8.99 50.90 10.38 37.39
SDM [58] 43.90 15.19 62.10 8.49 50.74 11.44 52.25 11.71 38.74

CAPL∗ [52] 48.51 16.59 63.00 8.66 51.01 14.43 54.17 13.23 40.52
POP∗ [53] 49.55 18.23 62.70 8.34 51.40 14.98 54.55 13.85 40.98
BSPL(ours) 50.82 21.04 62.93 9.95 52.14 15.64 55.30 15.54 42.05

TABLE II
SEGMENTATION (MIOU) COMPARISON ON THE ISAID-5i DATASET OF SPECIFIC CATEGORIES UNDER THE 1-SHOT SETTING. THE PERFORMANCE OF

NOVEL CLASSES UNDER DIFFERENT SPLITS IS HIGHLIGHTED WITH A YELLOW BACKGROUND.

Methods Split C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15

CANet [41]
Split0 28.37 22.67 10.72 2.86 2.32 9.31 39.01 63.11 52.97 24.65 49.41 53.45 1.07 80.10 7.47
Split1 55.02 74.30 73.25 82.14 60.19 11.65 0.24 10.64 7.68 0.20 43.44 58.45 66.49 16.17 6.41
Split2 43.25 73.10 73.88 74.24 36.15 29.74 13.24 61.35 44.60 3.03 0.13 0.38 12.92 4.37 22.73

PANet [40]
Split0 23.06 29.73 6.72 9.52 2.37 23.46 33.27 61.40 53.34 31.65 59.29 56.36 24.76 80.77 10.15
Split1 55.52 71.75 72.21 83.23 59.71 10.45 0.69 11.66 10.19 0.40 49.74 66.81 63.25 75.53 6.85
Split2 44.05 72.67 75.58 75.69 35.30 35.14 30.00 62.32 47.12 2.03 0.28 2.09 7.30 13.37 27.04

PFENet [61]
Split0 24.00 27.97 8.58 10.25 1.07 32.60 33.20 60.27 50.18 28.56 40.22 41.59 51.89 78.99 24.21
Split1 51.46 71.15 70.89 82.94 59.24 9.83 0.67 7.74 15.32 0.28 43.83 53.89 67.21 74.35 21.63
Split2 52.34 70.18 62.53 83.72 33.25 37.44 28.21 60.40 50.10 1.42 0.12 4.24 4.80 4.56 27.61

SCL [62]
Split0 27.25 16.43 8.24 11.97 2.46 33.78 34.52 62.40 55.36 26.78 47.44 57.33 48.26 79.06 2.61
Split1 55.34 72.06 70.12 83.47 57.35 7.46 0.63 8.97 7.57 0.45 43.52 53.66 64.04 68.60 40.00
Split2 53.32 67.46 60.23 75.47 33.36 37.62 30.26 58.77 50.35 1.60 0.23 1.35 8.54 2.02 18.25

CAPL∗ [52]
Split0 14.93 23.50 12.79 18.25 4.37 36.47 32.54 57.89 48.57 35.16 45.64 47.23 56.57 81.90 20.28
Split1 49.90 69.52 68.77 82.05 55.30 8.11 2.53 9.26 10.73 3.16 45.39 54.40 65.90 70.04 38.36
Split2 51.28 70.43 70.16 82.36 38.84 40.03 30.26 60.47 50.13 2.12 2.36 3.11 11.40 27.46 22.24

POP∗ [53]
Split0 23.23 25.00 12.82 17.44 1.33 46.83 21.77 59.67 59.90 27.13 25.44 51.03 59.00 82.85 40.67
Split1 54.03 70.16 68.28 80.66 55.45 10.31 3.10 9.17 9.91 2.76 46.10 56.12 64.47 68.70 44.36
Split2 52.37 68.46 72.46 79.94 40.37 36.51 32.67 61.09 54.11 3.26 4.21 8.66 19.30 13.49 20.81

BSPL(ours)
Split0 33.41 27.51 12.55 20.45 5.91 40.34 34.45 67.93 55.18 28.71 47.62 54.16 60.99 80.85 23.79
Split1 56.57 73.95 71.20 87.13 53.73 8.21 8.09 11.21 11.83 6.22 50.69 55.40 66.59 54.68 47.56
Split2 50.97 71.36 61.64 82.31 40.37 36.68 33.00 65.21 55.95 7.51 7.20 7.36 11.36 24.10 21.88

base classes are chosen, with |Cfs| = 5. We freeze the first
three layers to enhance the generalization of the backbone
network to low-level features. The model is optimized using
the SGD optimizer. It has an initial learning rate of 0.01 and is
trained for 30 epochs with a batch size of 48. In the BS module
III-D, the foreground and background thresholds are set to 0.7
and 0.8, respectively. Their effect on model performance will
be evaluated in the ablation experiments.

C. Evaluation Metrics

The evaluation consists of 2000 tasks, where all test set
samples are involved in the segmentation assessment of both

base and novel classes. Performance for each class is measured
using IoU, while the average segmentation performance for
base classes, novel classes, and all classes is reported as
mIoU. To ensure result reliability, all experimental outcomes
are averaged across multiple random seeds.

D. Main Quantitative Results

In Table I, we quantitatively compare BSPL with 6 state-
of-the-art FSS algorithms and 2 outstanding GFSS techniques.
Considering that the classifiers of the selected FSS methods
(CANet [41], PANet [40], PFENet [61], SCL [62], HMRE
[47], and SDM [58]) all involve prototypes, during the training
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Fig. 5. Visualization of comparison results on the iSAID-5i dataset for generalized few-shot segmentation under the 5-shot setting.

phase, we use average pooling to obtain the base prototypes.
These are then concatenated with the novel prototypes ac-
cording to Eq. 3 to form the final classifier, enabling the
segmentation of base and novel categories. It is important
to emphasize that we modified the code solely during the
inference stage to update the final classifier without altering
the model architecture of the algorithms above. As for GFSS,
CAPL [52] and POP [53] are selected as the comparison
algorithms (marked with ∗ in the table). We tested them on
the dataset using their publicly available code.

As observed in the experiments across all three splits, BSPL
achieved a clear advantage for both novel and base classes.
Specifically, compared to the similarly strong POP algorithm,
BSPL outperformed it by 1.29% in mIoU for base classes
and by 2.45% for novel categories, resulting in an overall
improvement of 1.68%. Notably, CAPL and POP significantly

outperformed the FSS methods. This highlights the limitations
of FSS methods in effectively addressing model bias towards
base classes through the fusion of two prototypes, making it
challenging to handle tasks that require segmentation across
all classes. When the shot is expanded to 5, GFSS methods
exhibit notable improvements for novel classes but yield only
marginal gains for base classes. Specifically, BSPL’s mIoU for
novel classes increases by 0.99%, while for base classes, the
increase is limited to 0.34%. Base prototypes are primarily
established during training, leaving additional shots during
inference with minimal impact.

The more detailed per-class performance under the 1-shot
setting is also reported in Table II. While BSPL’s mIoU
is comparable to other state-of-the-art methods for certain
categories, we observe that those methods perform extremely
poorly in some challenging classes. For example, when “C7” is
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TABLE III
ABLATION RESULTS ON THE ISAID-5i DATASET OF KEY COMPONENTS.

Component 1-shot 5-shot

DPU SQP BPA Base Novel Total Base Novel Total

✗ ✗ ✗ 50.46 10.19 37.04 51.68 11.22 38.19
✔ ✗ ✗ 51.12 10.89 37.71 51.70 11.80 38.40
✗ ✔ ✔ 54.32 13.90 40.85 54.29 15.17 41.25
✔ ✗ ✔ 52.24 12.00 38.83 53.42 13.79 40.21
✔ ✔ ✗ 53.07 14.15 40.10 54.15 15.29 41.20
✔ ✔ ✔ 54.96 14.55 41.49 55.30 15.54 42.05

TABLE IV
ABLATION RESULTS ON DESIGN OPTIONS FOR BSPL.

U rinfer 1-shot 5-shot

Cos MLP Cos MLP Base Novel Total Base Novel Total

✗ ✔ ✗ ✔ 54.36 14.51 41.08 55.02 14.99 41.68
✔ ✗ ✔ ✗ 53.79 13.82 40.47 54.11 14.33 40.85
✔ ✗ ✗ ✔ 54.03 13.94 40.67 54.64 14.85 41.38
✗ ✔ ✔ ✗ 54.96 14.55 41.49 55.30 15.54 42.05

a novel class, several methods, including CAPL, achieve only
around 3% accuracy. In contrast, BSPL demonstrates more
consistent performance across all categories, underscoring its
design’s robustness and superior generalization capabilities.

E. Visualization Results

Fig. 5 visually demonstrates the advantages of the proposed
method through the segmentation results under the 5-shot
setting. The first column of the support provides only the
mask for the novel class, while the second column requires
the segmentation of all categories within the query. The
baseline method uses PSPNet as the backbone network and
simply concatenates the base and novel prototypes to serve
as a pixel-level classifier. Three observations can be made:
(i) Due to base class bias, the “baseline method” exhibits
poor segmentation capability for novel classes, even resulting
in misclassifications. (ii) “CAPL” effectively mitigates base
class bias and improves segmentation performance, however,
its segmentation of small target edges lacks precision. We
attribute this to the foreground-background ambiguity caused
by the global background prototype. (iii) BSPL achieves the
overall optimal segmentation results, demonstrating not only
more balanced performance across all categories but also
clear segmentation of small target edges. This underscores the
effectiveness of the proposed DPU and BS modules.

F. Ablation Studies

1) Model Component Ablation: We conduct ablation ex-
periments to evaluate the contribution of each component in
BSPL to segmentation performance. Here, SPQ (Sec. III-D1)
and BPA (Sec. III-D2) refer to the two steps within the BS
module. The first row in the experimental setup excludes
any additional modules, representing the baseline formed
by PSPNet combined with Eq. 3. As shown in Table III,
incorporating the DPU strategy to train base class prototypes
effectively mitigates base class bias, significantly improving

Su
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u
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G
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Plane Large Vehicle Small Vehicle

Fig. 6. Impact of different designs in BS. The first row employs the threshold
truncation method from [63], while the second row presents our proposed soft
threshold truncation strategy.

Fig. 7. Impact of the two thresholds in the BS module on the average
performance of all categories under the 1-shot scenario.

segmentation performance for novel classes. Building on this,
adding either the SQP or BPA components individually results
in substantial performance improvements, with SQP playing a
more prominent role. This confirms the benefit of customizing
foreground-background segmentation guidance for each query
in GFSS tasks. Ultimately, when all components are utilized,
the model achieves optimal performance.

2) Design Options for BSPL: In BSPL, which involves the
construction of the few-shot updater U (6) and the generation
of the weight factor rinfer (Eq. 12), we explore how different
design approaches affect segmentation performance. In Table
IV, “Cos” refers to directly measuring the cosine similarity
between inputs, while “MLP” represents concatenating the
inputs along the channel dimension and mapping the result
using a multi-layer perception. The model achieves optimal
performance when U and rinfer are computed using “MLP”
and “Cos”, respectively. We present two reasons: (i) The
few-shot updater U requires a complementary integration
of Ob, which represents broad information, and the few-
shot prototype Ofs. MLP is well-suited for this task due
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to its strong nonlinear modeling capability. (ii) The weight
factor rinfer essentially measures the correlation between the
support and query prototypes. Low correlation indicates that
the query prototype contains category-irrelevant information,
necessitating a reduction in its weight. Since cosine similarity
can quickly assess high-dimensional sparse data, we use it to
compute rinfer.

Additionally, SSP [63] similarly employs a threshold trunca-
tion method to extract high-confidence foreground information
from query samples:

Dfg = I(D0 > τfg). (19)

In contrast, BSPL enhances this by using a soft threshold trun-
cation (Eq. 10) to preserve the probability differences among
different pixels. Fig. 6 visualizes the heatmaps of various
categories in the query samples to validate the advancement
of this approach. The soft threshold truncation strategy in the
second row activates the target category regions more accu-
rately, demonstrating that retaining probability differences is
beneficial for customizing high-quality segmentation guidance.

3) Ablation Study of Hyperparameters: The BS module
involves foreground and background thresholds τfg and τbg ,
both of which assist in collecting high-confidence category
information and subsequently influence the model’s segmen-
tation performance. We conduct a series of experiments on var-
ious hyperparameters under the 1-shot setting, with the results
shown in Fig. 7. When τfg ∈ [0.6, 0.7] and τfg ∈ [0.7, 0.8],
the model achieves the best performance. This is because
the model is typically more adept at identifying background
classes, requiring a stricter background threshold to obtain
reliable background information.

V. CONCLUSION

To address the limitations of few-shot segmentation in prac-
tical remote sensing applications, we introduce the generalized
few-shot segmentation task for the first time, eliminating
reliance on manually constructed support-query pairs and
enabling segmentation for both base and novel categories.
For this task, the proposed Background-aware Self-mining
Prototype Learning (BSPL) framework mitigates base class
bias caused by data imbalance through a dynamic prototype
updating mechanism. Furthermore, considering the inherent
intra-class differences and complexity of background elements
in remote sensing images, we develop a background-aware
self-mining strategy to customize segmentation guidance for
each query, enhancing the model’s segmentation performance
across all categories in few-shot scenarios. Extensive exper-
iments on the iSAID-5i dataset validate the effectiveness of
the proposed design, achieving optimal overall performance.
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