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Abstract

Accurately localizing and segmenting relevant objects from
optical remote sensing images (ORSIs) is critical for advanc-
ing remote sensing applications. Existing methods are typ-
ically built upon moderate-scale pre-trained models and em-
ploy diverse optimization strategies to achieve promising per-
formance under full-parameter fine-tuning. In fact, deeper
and larger-scale foundation models can provide stronger
support for performance improvement. However, due to
their massive number of parameters, directly adopting full-
parameter fine-tuning leads to pronounced training difficul-
ties, such as excessive GPU memory consumption and high
computational costs, which result in extremely limited ex-
ploration of large-scale models in existing works. In this pa-
per, we propose a novel dynamic wavelet expert-guided fine-
tuning paradigm with fewer trainable parameters, dubbed
WEFT, which efficiently adapts large-scale foundation mod-
els to ORSIs segmentation tasks by leveraging the guidance
of wavelet experts. Specifically, we introduce a task-specific
wavelet expert extractor to model wavelet experts from dif-
ferent perspectives and dynamically regulate their outputs,
thereby generating trainable features enriched with task-
specific information for subsequent fine-tuning. Furthermore,
we construct an expert-guided conditional adapter that first
enhances the fine-grained perception of frozen features for
specific tasks by injecting trainable features, and then itera-
tively updates the information of both types of feature, allow-
ing for efficient fine-tuning. Extensive experiments show that
our WEFT not only outperforms 21 state-of-the-art (SOTA)
methods on three ORSIs datasets, but also achieves optimal
results in camouflage, natural, and medical scenarios.

Code — https://github.com/CSYSI/WEFT

Introduction

In recent years, object segmentation in optical remote sens-
ing images (ORSIs) has become a research focus (Li et al.
2023a; Quan et al. 2024; Sun et al. 2025c¢), owing to its
broad applications in areas such as urban planning, agri-
cultural monitoring, disaster assessment, and military recon-
naissance. Unlike common natural images , ORSIs are typ-
ically captured by sensors mounted on aircraft or satellites
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and are presented as bird’s-eye views. As a result, targets in
ORSIs often exhibit arbitrary orientations, drastic scale vari-
ations, and dense distributions across complex backgrounds,
making their segmentation particularly challenging.

To achieve promising performance, a large number of
deep learning—based ORSIs object segmentation methods
(Li et al. 2019, 2022; Gong et al. 2023; Quan et al. 2024)
have been proposed one after another. At the beginning, the
architectures (as depicted in Fig. 1(a)) of these methods are
primarily based on pre-trained convolutional encoders (e.g.,
VGG16 (Simonyan and Zisserman 2014), or ResNet50 (He
et al. 2016)), which extract initial features that are then
enhanced through sophisticated optimization strategies (Li
et al. 2022, 2023b; Liu et al. 2023; Quan et al. 2024; Lian
et al. 2025). Although these methods achieve commendable
performance by updating all parameters, the inherent limita-
tion of convolutional networks (z.e., local receptive fields),
makes it difficult to further improve performance. Soon af-
ter that, Transformer architectures (Yuan et al. 2021; Wang
et al. 2022) rose to prominence due to their superior model-
ing capacity and effectively mitigated this limitation.

Building on this, numerous Transformer-based methods
(Li et al. 2023a; Dong et al. 2024; Sun, Yang, and Luo
2024; Zhao et al. 2024; Sun et al. 2025¢) are introduced and
achieve better performance in ORSIs object segmentation
tasks. This performance advantage stems in part from global
modeling, with another important factor being the model
scale. For example, Transformer-based architectures (e.g.,
Swin-B (Liu et al. 2021b), 87.77M parameters; PVTv2-B4
(Wang et al. 2022), 62.60M; and DPU-Former (Sun et al.
2025c¢), 38.89M) used in existing methods (Zhuge et al.
2023; Sun, Yang, and Luo 2024; Sun et al. 2025¢) typi-
cally have two to three times more trainable parameters than
their convolutional counterparts, or even more. Indeed, the
scale of the above architectures is not particularly large, but
rather moderate. However, larger-scale and deeper founda-
tion models (Zhu et al. 2022; Oquab et al. 2023) have been
explored in current architecture research and have demon-
strated outstanding performance across visual tasks .

Inspired by this, we believe that rather than relying on
sophisticated strategies to improve performance, it is more
effective to embed a deeper and larger-scale foundation
model to encode strong discriminative features from input
images. With this goal in mind, we abandon small- and
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Figure 1: The top part shows architectural differences be-
tween existing methods. The bottom part presents a compar-
ison of efficiency and performance between full-parameter
fine-tuning (FPFT) and the proposed WEFT method, con-
ducted under the same architecture.

moderate-scale foundation models in terms of framework
design and instead introduce a deeper, larger-scale, and more
parameter-rich foundation model (e.g., UniPerceiver-L (Zhu
et al. 2022) with 303.36M parameters). At first, we adopt
the same training strategy (:.e., full-parameter fine-tuning
(FPFT)) as existing works (Li et al. 2023a; Quan et al. 2024;
Sun et al. 2025¢) to optimize the model. However, in Fig. 1,
we find that this strategy struggles to cope with large-scale
foundation models with massive parameters, as all param-
eters must be updated simultaneously during training. This
significantly increases the computational burden during both
the forward and backward passes and leads to a sharp in-
crease in GPU memory consumption, making the optimiza-
tion process especially difficult. In particular, when dealing
with high-resolution inputs or large batch sizes, memory us-
age often approaches hardware limits, easily resulting in re-
source bottlenecks or even training interruption. This con-
stitutes an important reason for the relatively limited explo-
ration of large-scale models in ORSIs segmentation tasks.
Considering this key factor, we no longer use the typical
FPFT strategy to train the network, and instead propose a
novel dynamic wavelet expert-guided fine-tuning paradigm,
termed WEFT. As shown in Fig. 1(b), we keep the large-
scale model frozen with its parameters unchanged, and in-
troduce a lightweight, trainable branch in parallel to supple-
ment task-specific information that the frozen branch lacks,
thereby enabling more effective adaptation to ORSIs tasks.
From Fig. 1, the performance of our WEFT is almost the
same as that under full-parameter fine-tuning, but our WEFT
only requires 14.37M trainable parameters, which only ac-
counts for 4.52% of the entire framework parameters. More-
over, it reduces training GPU memory consumption by ap-
proximately 26.41% and improves training speed (1 iter.)
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by 14.66%. Specifically, our WEFT framework consists of
two lightweight components: the task-specific wavelet ex-
pert (TWE) extractor and the expert-guided conditional (EC)
adapter. Technically, the TWE extractor adaptively inte-
grates wavelet experts from different perspectives to obtain
trainable features rich in task-oriented knowledge from in-
put images. Subsequently, the EC adapter is used to sup-
plement task-specific details in frozen features by merging
trainable features, and further strengthens both types of fea-
tures, enabling efficient fine-tuning. Extensive experiments
on three ORSIs benchmark datasets demonstrate that our
WEFT not only clearly surpasses 21 state-of-the-art (SOTA)
approaches but also requires far few trainable parameters.
Additionally, it exhibits strong generalization capabilities in
camouflage, natural, and medical scenarios.

The main contributions can be summarized as follows:

e A novel dynamic wavelet expert-guided fine-tuning
(WEFT) is proposed to efficiently adapt large-scale foun-
dation models to object segmentation tasks in ORSIs.

o A lightweight task-specific wavelet expert (TWE) ex-
tractor is introduced to obtain discriminative trainable fea-
tures by adaptively combining various wavelet experts.

e An efficient expert-guided conditional (EC) adapter is
designed to reconstruct the internal information within train-
able and frozen features through conditional optimization.

Related Works

Optical remote sensing object segmentation. The primary
objective of ORSIs object segmentation tasks is to segment
meaningful remote sensing targets. Initially, convolution-
based models (Li et al. 2019, 2022) are widely proposed,
with various optimization strategies (e.g., attention (Zhang
et al. 2021), boundary auxiliary (Zhou et al. 2022b; Gong
et al. 2023), and multi-scale enhancement (Quan et al. 2024;
Sun et al. 2025a)) designed to optimize initial features,
yielding promising results. However, due to the limited lo-
cal perception of convolutional encoders (He et al. 2016),
these methods face performance bottlenecks. Considering
this factor, GeleNet (Li et al. 2023a), TLCKDNet (Dong
et al. 2024), and DPU-Former (Sun et al. 2025¢c) intro-
duced moderate-scale Transformer-based encoders (such as
PVTv2 (Wang et al. 2021)) in their design and achieve excel-
lent accuracy by updating all parameters. We believe that ar-
chitectures based on large-scale models (e.g., UniPerceiver
(Zhu et al. 2022)) are more advantageous for tackling chal-
lenging ORSIs tasks. However, the FPFT strategy adopted
by existing works struggles to deploy these models effec-
tively, primarily due to their massive parameters.

Fine-tuning of large-scale foundation models. Large-scale
models (Zhu et al. 2022; Oquab et al. 2023) refer to founda-
tion architectures with deep structures and large number of
parameters, pre-trained on massive datasets. Their powerful
modeling capabilities provide strong support for achieving
excellent performance in downstream tasks. However, the
application of these models is often challenging due to their
enormous parameters, which leads to significant computa-
tional overhead and makes training difficult when using the
FPFT strategy. Recently, several fine-tuning methods (Hu
et al. 2022; Jia et al. 2022) have been proposed to adapt
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Figure 2: Overview of our WEFT framework. The overall architecture comprises a frozen foundation model, a Task-specific
Wavelet Expert (TWE) extractor, four Expert-guided Conditional (EC) adapters, and a mask decoder. In the training process,

the proposed WEFT method requires only 14.37M trainable

large-scale models to visual tasks. Specifically, LoRA (Hu
et al. 2022) achieved parameter fine-tuning by inserting low-
rank trainable matrices into pre-trained models. VPT (Jia
et al. 2022) embedded some small learnable prompts in a
frozen backbone to allow adaptation to recognition tasks.
Unlike the above methods, we propose an innovative fine-
tuning paradigm based on dynamic wavelet expert guidance
to alleviate the training difficulties encountered when apply-
ing large-scale models to ORSIs object segmentation tasks.

Methodology
Overall Framework

The overall framework of our WEFT is illustrated in Fig. 2,
which consists of four key components: (a) UniPerceiver-
L (Zhu et al. 2022) foundation model with frozen parame-
ters, (b) Task-specific wavelet expert (TWE) extractor, (c)
Expert-guided conditional (EC) adapter, and (d) mask de-
coder (Cheng et al. 2022). Specifically, for an input im-
age Z,, € R¥>*HXW "we adopt a dual-branch architecture
(¢.e., the frozen UniPerceiver-L network and the trainable
TWE extractor) to simultaneously extract frozen and train-
able features. Subsequently, the trainable features {F;}1_;
and the frozen features {F;}?_, are fed into the EC adapter,
where information guidance and reinforcement are achieved
through collaborative operations of deformable attention
(Zhu et al. 2021), edge-aware subspace token optimizer
(ESTO), and spatial-aware expert enhancer (SEE). Ulti-
mately, the optimized features are input into a lightweight
mask decoder to generate the final segmentation results.

Task-specific Wavelet Expert Extractor

The task-specific wavelet expert (TWE) extractor is de-
signed to dynamically acquire wavelet experts that are rich
in task-related knowledge through well-designed wavelet
convolutions (Finder et al. 2024), thereby providing strong
informational support for subsequent fine-tuning. Not only
does it provide task-specific information to the frozen foun-
dation model, but it also supplements local details within the
Transformer structure, refining object boundaries.
Specifically, as shown in Fig. 3, we first perform a down-
sampling (DS(-)) on the image Z,,, i.e., fr, = DS(Z,,),
and then model various wavelet experts {E2}7 _,, which are
obtained through wavelet convolutions (Finder et al. 2024)
from different perspectives and enriched with task-specific

parameters while achieving excellent performance.
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Figure 3: Details of the first stage in TWE extractor.

knowledge. Unlike standard convolutions, wavelet convolu-
tion is more lightweight and increases diversity by modeling
features from four directions (i.e., HH, HL, LH, and LL).
This entire process can be formulated as follows:

(B oy = Cu(Catlfy, f2, 2. Fal) + fon:
I =WCan a (fi + IV AN et = SPlit(fm), (D
WCap—1(x) = IWT(DCap—1(We, Thh, This Tin, L11)),

where C;(+) is a 1x1 convolution, Cat[-] and “+” present
concatenation and element-wise addition, WCs,,—1(-) and
DCay,—1(+) represent a wavelet convolution and a depthwise
convolution with kernel size 2n-1x2n-1, Split(-) is a separa-
tion operation that divides the feature into four sub-features
along the channels. IWT(-) is the inverse wavelet transform.
“(Thn,Thi, Tih,xy)” are obtained from the wavelet trans-
form of x, denoted as “WT(z)”, “w.” is a weight tensor.
Based on this, we obtain multiple wavelet experts {E¢ }7 _,
with varying receptive fields. Due to differences in their
receptive fields, these experts carry distinct task-relevant
knowledge, each specializing in object information at a spe-
cific scale. In ORSIs, the scale variation of targets is often
significant. We argue that not all wavelet experts {E2}7 _;
are equally beneficial. For small objects, an excessively large
receptive field may introduce ambiguity, whereas for large
objects, an overly small receptive field may lead to incom-
plete comprehension. Only those with appropriate receptive
fields are effective in contributing to model fine-tuning.
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Therefore, we propose a Top-k Expert Router (TER),
which aims to dynamically select appropriate wavelet ex-
perts {E¢}7_, to achieve optimal matching of remote sens-
ing targets with varying types and scales. Technically, we
first obtain a set of learnable weights a={a1, @, ..., ar}

based on the input feature f,,, as shown in:

1 H W
o =Sof (wy( 7 > D fmlvis i) +0g), @

i=1 j=1

where Sof (-) presents the Softmax, “w,” and “b,” denote
the learned weight tensor and bias vector from a linear layer,
“(i,4)” are indices over the spatial dimension. Furthermore,
we select the top-4 wavelet experts indices with the highest
scores from the 7 weights generated by the gating network to
form the set T, i.e., T = TopK(w,4) C {1,2,...,7},|T]
= 4, where TopK(-) is an operator that selects the indices
of the k largest values from a given vector. The correspond-
ing weights are then normalized to ensure a valid probabil-
ity distribution, which is used as the final fusion coefficients
a={aq, &g, a3, a4}. These coefficients are applied to the
outputs of the selected wavelet experts to generate the final
trainable feature 7 via a weighted sum:

exp(ay,)

Fr=C m T duE27du:
AP VL

ueT

G

@ 9

where is an element-wise multiplication, “u” denotes the
index of a selected expert in the top-k set 7, and “v” is used
to compute the denominator over the selected experts.

In the subsequent process, the proposed TWE extractor
adopts a classical hierarchical structure, which takes the
generated trainable feature F7 as input and progressively
produces three multi-scale features {F5, Fy, Fy} enriched
with task-related information through identical operations.

Expert-guided Conditional Adapter

The expert-guided conditional (EC) adapter is constructed
to complement the task-oriented details of frozen fea-

«15 HW o 1 .
tures {F*}>_; (F; € Rz *™) through trainable fea-
4 o _H W o . .
tures {F7}i_ (Ff € Rz 7271 %) enriched with ex-
pert knowledge, and to enable iterative updates between
the trainable and frozen features. Specifically, for train-
able features {F7}} ; based on wavelet experts, we se-
lect three scale features with the same scale as and adja-
cent to the frozen feature for fine-tuning progress, i.e., 7=
Cat[RS(Fy), RS(FS), RS(FS)], where RS(-) denotes a re-
H

~ %% HW HW
shaping of the tensor, Fy € RO+ T527)%C com-

pared to a single scale, it contains more task-oriented knowl-
edge. Technically, during the first stage fine-tuning, with F7
and F7 from the patch embedding as initial inputs, we first
employ deformable attention (Zhu et al. 2021) to inject task-
specific information into the frozen feature 7', as follows:

“

where LN () denotes the layer normalization to stabilize the
input distribution. Although deformable attention (Zhu et al.

Fr = DeformAttn(LN(F;), LN(F¢)),
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Algorithm 1: Edge-aware Subspace Token Opti-
mizer

Input: Fr € RV subspaces H > 1, temp. o, weight A
1 Normalize F7 along channel dimension;
Split into H subspaces:
Norm(F}) = Fy (h=1,...,H);
Compute similarity: Sy, « FhF;/\/& 0;
Attention: Aj, < Softmax(Sy,);
Aggregate & merge heads: T} < [Ap, - X)L ;

Compute channel-wise variance: V <— Var(F7);
Edge mask: M «— o ((V = V)/(ov +¢€));
Apply mask: T% < (1 + AM) - T%;

Gate & Residual: Fi < 6 - T + i

Output: optimized frozen features ]?1* € RVxC

~

AR -

2021) effectively injects task-specific knowledge, it focuses
mainly on semantic alignment between feature sources,
without explicitly modeling structural details within the
fused representation. As a result, these tokens may suffer
from semantic ambiguity and insufficient structural aware-
ness, which can limit the accuracy of segmentation.
Considering these problems, we design an Edge-aware
Subspace Token Optimizer (ESTO), which uses subspace-
based token-to-token attention to model intra-feature rela-
tionships and incorporates an edge-aware modulation mech-
anism to further enhance structurally significant regions in
tokens, as in Algorithm 1. Technically, given the input fea-

ture f'l* € RV*XC we first apply Lo normalization along
the channel dimension to stabilize the similarity computa-
tion across tokens, and then we reshape the normalized fea-
ture into H subspaces, each with a dimension of d = C/H.
To be specific, we obtain the F;, € R7*N*d by reshaping
the normalized feature into shape (N, H, d) and transposing
the first two dimensions. This subspace formulation enables
each head to independently capture token-to-token relation-
ships, providing diverse contextual perspectives across dif-
ferent parts of the feature space. For each subspace, we com-
pute the pairwise similarity between tokens using the scaled
dot product, and the formula can be expressed as:

_F(F)T
Vd-o

where “T” denotes a transpose operation, “v/d  presents
the scaling factor, “p” is a temperature hyperparameter that
adjusts the sharpness of the similarity distribution. The at-
tention weights Aj;, are then obtained by applying soft-
max to the similarity matrix along the last dimension, i.e.,

A, = Sof(Sy,). The attention weights are applied to the
original (unnormalized) input feature ]:'f, reshaped into sub-
space form X, € R¥*Nxd (o obtain refined subspace rep-
resentations. These outputs from all subspaces are then con-
catenated to form the optimized token T3, as follows:

HXNXN
Sh SheR X ><7

&)

T! = Cat[ A, X, Ao Xo, ... , AgXy] e RV*C (6)



Furthermore, we introduce an edge-aware modulation mech-
anism based on channel-wise variance to refine structural de-
tails, particularly around object boundaries. We observe that
tokens with higher variance typically correspond to more
informative or structurally salient regions (e.g., edges, and
contours). Based on this observation, we estimate a soft
edge-aware mask M using the channel-wise variance V of
the optimized token T7. We then update the token represen-
tation using the obtained edge mask M, formulated as:

T’{:(1+A-M)-T’{,MZSigC/:LZ),
) L L )
V = Var(F{[n,:]) = ol ; (fl*[n, c — fn) )

where “1” is a matrix of all ones with the same dimensions
as “M”, Sig(-) is the Sigmoid function, “—” is the element-
wise subtraction, V and o, represent the mean and standard
values of variance, A denotes the hyperparameter of mod-
ulating edge mask intensity, fn(% 25:1 Fi[n,c]) present
the mean value of the n-th token in all channels. Addition-
ally, we introduce a gating mechanism and residual connec-
tions to adaptively control the refinement strength and pre-
serve the original information to generate the discriminative

frozen feature .fl*, which can be defined as:

J%f =6 Tiﬁ + ﬁf, § = Sig(wyFy +by), ®)

where & denotes a gating coefficient, F; represents a global

mean of f"f . Subsequently, the optimized feature F7 is in-
jected into the first frozen Transformer block to obtain the
feature F5, which is used for fine-tuning in the next block.
Spatial-aware Expert Enhancer (SEE). During the in-
teractive fine-tuning process, we introduce a spatial-aware
expert enhancer (SEE) to enhance and update the informa-
tion in trainable features, aiming to strengthen their per-
ception of spatial structures. Specifically, we employ three
distinct branches (i.e., Directional Laplacian Filter, Adap-
tive Max-pooling, and Multi-scale Operation) to capture
spatial structural cues from the trainable features. These
cues are then dynamically weighted through learnable pa-
rameters, allowing the model to selectively acquire spatial
information as needed. Technically, the input feature }:f
is restored to three spatial scales and reshaped as feature
maps {Fs,Fs,Fq}. In the first branch, we adopt a direc-
tional Laplacian filter to capture structural information by
enhancing second-order variations along a specific spatial
axis, which emphasizes high-frequency components, such
as boundaries and textures. For each scale i € {2, 3,4}, the
DLF-enhanced feature F¢ can be defined as:

1 1
Fi=3" > Kp.q-Fleh+pw+qg, )

p=—lg=-1

where K& R3*3 is a fixed-directional Laplacian kernel that
approximates second-order derivatives. ff is the input fea-
ture after reflection padding, p,q € {—1,0,1} are the rela-
tive spatial offsets. In the second branch, we apply adaptive
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max-pooling to extract global structural features, which of-
ten highlight salient spatial patterns and regions, ¢.e., F;'
= Max(p,w)eq, F; [ h, w], where max(j, ,)cq, represents
adaptive max-pooling over the full spatial domain. In the
third branch, we use a multi-scale operation (MSO(+)),
which consists of depthwise convolutions with different ker-
nels (i.e., 3, 5, and 7), to extract local context at different
scales, enhancing both fine and coarse structural patterns,
i.e., FI" Zizl MSEOq,11(F7), where 2n + 1 repre-
sents the kernel size of depthwise convolutions within the
multi-scale operation. Considering the differences in struc-
tural information captured by each branch, we employ dy-
namic weights to control the outputs of the three branches
to produce the powerful trainable feature F§ for subsequent
fine-tuning. The progress is formulated as follows:

F5 = Cat[RS(F5), RS(F5), RS(F3)] + Ff,
Fy=F 42 cctqam= - Fir i=2,3,4,

where wq, w,, and w,, are different learnable weights used
to flexibly output the structural information extracted by dif-
ferent branches, and their sum is equal to 1. Similarly, in
the second stage of fine-tuning, the generated trainable and
frozen features F5 and JF5 are used as inputs to our EC
adapter, where the same operations are applied to optimize
the generation of features .7:'§ and F3. As depicted in Fig. 2,
the entire fine-tuning process lasted for four stages.

(10)

Loss Function

After the completion of the four fine-tuning stages, the op-
timized features are passed into a lightweight Transformer-
based mask decoder (Cheng et al. 2022), comprising 3.19
million trainable parameters. The WEFT method is fine-
tuned under the supervision of a composite loss function that
integrates binary cross-entropy (Lpc.) and Dice coefficient
(L4ice) losses, which can be formulated as follows:

Lai = BLoce +vLaice, (11)
where (8 and ~y denote the hyperparameters set to 5 and 2.

Experiments
Experimental Settings

Datasets. We perform experiments separately on three OR-
SIs datasets: ORSSD (Li et al. 2019), comprising 600 train-
ing images and 200 testing images; EORSSD (Zhang et al.
2021), consisting of 1,400 training images and 600 testing
images; and ORSIs-4199 (Tu et al. 2022), which includes
2,000 training images and 2,199 testing images.

Evaluation Metrics. We employ five evaluation metrics to
assess the performance of our WEFT method, including
mean Intersection over Union (mloU), average F-measure
(AF,,), mean Dice coefficient (mDice), structural similarity
measure (S,,,), and mean absolute error (MAE).

Implementation details. We implement our WEFT model
based on the PyTorch framework and train it using four
NVIDIA RTX 4090 GPUs with 24GB of memory. During
training, input images are resized to 512 x 512, with a batch
size of 6 and an initial learning rate of Se-5. The model is
optimized using the AdamW optimizer over 80K iterations.



Trainable ORSSD (200 images) EORSSD (600 images) ORSTs-4199 (2199 images)

Methods Params (M) \/mloU 7 AF,, T mDicet S,,1T MAE | | mloU1 AF,, T mDicet S,,1 MAE | | mloU1 AF,, T mDicet S,,7 MAE |
VST 44.48 0.8531 0.8262 0.8895 0.9267 0.0094 | 0.8125 0.7089 0.8418 0.8829 0.0067 | 0.7809 0.7947 0.8444 0.8733 0.0281
DAFNety; 29.35 0.8234 0.7876 0.8739 0.9119 0.0113 | 0.8002 0.6423 0.8297 0.8830 0.0060 - - - - -
PA-KRNy; 141.06 0.8382 0.8548 0.8955 0.9145 0.0139 | 0.8047 0.7993 0.8655 0.8802 0.0104 | 0.7371 0.8200 0.8167 0.8427 0.0382
EMFINet,, 95.09 0.8350 0.8617 0.8864 0.9267 0.0109 | 0.8004 0.7984 0.8507 0.8891 0.0084 | 0.7598 0.8186 0.8335 0.8612 0.0330
MCCNetao 67.65 0.8554 0.8957 0.9036 0.9334 0.0087 | 0.8169 0.8137 0.8724 0.8954 0.0066 | 0.7768 0.8592 0.8475 0.8682 0.0316
MIRBM3, 43.54 0.8169 0.8022 0.8529 0.9097 0.0163 | 0.7931 0.7066 0.8217 0.8786 0.0099 | 0.7466 0.7995 0.8128 0.8530 0.0374
ERPNetso 56.48 0.8224 0.8356 0.8687 0.9153 0.0135 | 0.7887 0.7554 0.8273 0.8812 0.0089 | 0.7533 0.8024 0.8224 0.8606 0.0357
ESGNet,3 - 0.8380 0.8860 0.8929 0.9243 0.0098 | 0.8023 0.8557 0.8624 0.8880 0.0070 | 0.7818 0.8740 0.8580 0.8730 0.0289
GeleNetos 25.50 0.8575 0.9038 0.9070 0.9326 0.0080 | 0.8017 0.8528 0.8669 0.8894 0.0055 | 0.7885 0.8681 0.8614 0.8766 0.0264
ICON-Py3 65.68 0.8403 0.8444 0.8964 0.9162 0.0116 | 0.8122 0.8065 0.8792 0.8821 0.0073 | 0.7788 0.8531 0.8523 0.8692 0.0282
ACCoNetas 102.55 0.8539 0.8806 0.9026 0.9335 0.0088 | 0.8118 0.7969 0.8651 0.8898 0.0074 | 0.7778 0.8581 0.8484 0.8711 0.0314
SRALg3 31.90 0.8467 0.8514 0.9020 0.9225 0.0107 | 0.8211 0.8146 0.8824 0.8869 0.0069 | 0.7705 0.8230 0.8451 0.8678 0.0307
TLCKDNetyy 52.09 0.8689 0.8719 0.9142 0.9316 0.0082 | 0.8380 0.7969 0.8895 0.8955 0.0056 - - - - -
SOLNetoy 6.50 0.8302 0.8925 0.8885 0.9195 0.0111 | 0.7792 0.8392 0.8467 0.8814 0.0078 - - - - -
UDCNetzy 72.20 0.8680 0.8932 0.9131 0.9381 0.0068 | 0.8073 0.8211 0.8697 0.8957 0.0056 | 0.7913 0.8648 0.8640 0.8744 0.0266
SFANetyy 25.10 0.8593 0.8984 0.9077 0.9345 0.0077 | 0.8136 0.8492 0.8720 0.8955 0.0058 | 0.7774 0.8647 0.8509 0.8703 0.0292
ADSTNetyy 62.09 0.8459 0.8979 0.8980 0.9296 0.0086 | 0.8046 0.8532 0.8651 0.8912 0.0065 | 0.7693 0.8655 0.8460 0.8647 0.0318
BCARNety5 24.00 0.8600 0.9073 0.9088 0.9361 0.0071 | 0.8248 0.8740 0.8821 0.8969 0.0054 | 0.7795 0.8666 0.8502 0.8694 0.0306
LGIPNety5 65.80 0.8572 0.8924 0.9051 0.9348 0.0082 | 0.8154 0.8560 0.8721 0.8938 0.0065 | 0.7899 0.8280 0.8583 0.8754 0.0288
DPU-Formerss 44.20 0.8728 0.9024 0.9163 0.9312 0.0062 | 0.8268 0.8461 0.8811 0.9011 0.0056 | 0.7961 0.8816 0.8677 0.8769 0.0263
Ours 14.37 0.8964 0.9213 0.9394 0.9383 0.0056 | 0.8621 0.8810 0.9188 0.9006 0.0048 | 0.7999 0.8826 0.8696 0.8772 0.0238

Table 1: Comparison with 21 state-of-the-arts (SOTA) methods on three widely-utilized ORSIs datasets. The best results are
highlighted in best. “1”” and “]” respectively indicate higher-is-better and lower-is-better performance.

Trainable CAMO CODIOK NC4K Trainable
Methods ‘Params (M}‘mloU TmDice ﬂmIoU TmDice ﬂmluU ‘mDice 1 Methods ‘Params (M)‘mIoU Tlece T‘mIoU Tlece 1
etas . . . K . . . -Po3 . . ety . . .
VSCodeyy 117.41 | 7730 8463 | 7264 8046 | .7927 8573 VSCodeyy 11741 | 8177 8744 | 9004 9359 CFANety;3 2524 | 8320 8599 | 8698 9170
FSELyy 67.13 | .7996 8742 | 7440 8243 | 7997 8683  MDSAMy, 16,78 | 8138 .8721 | .9033 .9400 FSELy, 67.13 | 8176 8828 | .8558 .8054

Trainable , CVC-300 Kvasir
Methods ‘Params (M)hloU TmDice ﬂmIoU TmDice 1

ZoomXNetyy | 84.78 .8090 .8727 | 7795 .8429 | .8141 8741 VST++24 11223 | .8232 8782 - - LSSNetyy 3594 | 8154 8835 | .8660 9111
RUN,5 - 67127661 | .6500 .7451 |.7249 8095 FSELyy 67.13 .8227 8812 |.9000 .9399  MEGANety, | 44.19 8214 8899 | .8619 9135
DPU-Formeros|  44.20 7814 8582 | .7394 8175 | .7904 8582 DPU-Formers| 44.20 | .8093 .8709 | .8921 9336 DPU-Formerys| 44.20 | .8414 .9024 | .8609 .9123
Ours 14.37 | .8308 .8972 | .7984 .8707 | .8362 .8964 Ours 1437 | .8359 .8923 | 9140 9510 Ours 1437 | .8502 .9121 | .8875 .9329

Table 2: Extended applications in camouflage, natural, and medical scenarios. Quantitative results with 13 state-of-the-arts
segmentation models on three camouflaged object detection, two salient object detection, and two polyp segmentation datasets.

\ \ \
- - :

Num Component Setting EORSSD (600 images) ORSIs-4199 (2199 images)
‘|Base. TWE ESTO SEE mloU 1 AF,,, T mDice 1{mIoU 1 AF,, T mbDice 1

0.7691 0.8193 0.8521 [0.7189 0.8153  0.8096
v 0.8253 0.8604 0.8934 |0.7528 0.8441 0.8373

v

v
© | v v 0.8196 0.8637 0.8864 |0.7715 0.8596  0.8481
| v v/ 10.8048 0.8411 0.8785 [0.7451 0.8403  0.8310
@ | v Vv v 0.8323 0.8668 0.8949 |0.7864 0.8764  0.8608
® | v v v [0.8312 0.8579 0.8964 |0.7902 0.8705 0.8635
@ | v Vv v/ 10.8275 0.8597 0.8937 | 0.7939 0.8756  0.8649
b | v v v v [0.8621 0.8810 0.9188 | 0.7999 0.8826 0.8696

Table 3: Ablation analysis of individual components in our
WEFT framework on EORSSD and ORSIs-4199 datasets.

LEe

Images GT Ours DPU-For. BCAR. UDCNet ADSTNet SFANet

ods. Specifically, our “mlIoU” and “mDice” metrics outper-
form the second-best method by substantial margins 2.70%
Figure 4: Visual results of WEFT and existing models. and 2.52% on the ORSSD dataset and 2.88% and 3.29%
on the EORSSD dataset. Moreover, under “MAE” metric,
our method surpasses the second-best approach by 10.71%,
12.50%, and 10.50% on three datasets, respectively. Like-

Comparison with State-of-the-Arts
P wise, other indicators exhibit considerable competitive ad-

We conduct comprehensive comparisons between our vantages. In addition, the proposed WEFT model shows a
WEFT and 21 ORSIs object segmentation approaches, in- clear advantage in terms of trainable parameters. The entire
cluding LVNet, VST, DAFNet, PA-KRN, EMFINet, MC- architecture contains only 14.37 M trainable parameters,
CNet, MJIRBM, ERPNet, ESGNet, GeleNet, ICON, AC- which facilitates the training and deployment of large-scale
CoNet, SRAL, TLCKDNet, SOLNet, UDCNet, SFANet, models in ORSIs tasks. Overall, the quantitative results con-
ADSTNet, BCARNet, LGIPNet, and DPU-Former. To en- firm the effectiveness of our model in achieving high accu-
sure fairness, all predicted results are obtained directly from racy while maintaining computational efficiency.
the authors or reproduced using available open-source code. Qualitative results. Fig. 4 illustrates the visual segmen-
Quantitative results. Table 1 summarizes the perfor- tation results in various remote sensing scenarios, including
mance of our WEFT model compared to 21 SOTA meth- aircraft (1°¢ rows), ships (2% row), highway (37 row), river
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Expert EORSSD (600 images) ORSIs-4199 (2199 images)

Num. | s jjocation|mIoU 4 AF,, 1 mDice 1|mIoU + AF,, T mDice 1
(@) | Exp=1 |0.7951 0.8464 0.8726 | 0.7278 0.8281 0.8156
(b) | Exp.=2 |0.8039 0.8501 0.8799 | 0.7499 0.8491 0.8345
(¢) | Exp.=6 |0.8138 0.8501 0.8867 | 0.7544 0.8437 0.8371
(d) | Exp.=4 |0.8253 0.8604 0.8934 | 0.7528 0.8441 0.8373

Table 4: Ablation analysis of the number of wavelet experts.

Subspace  EORSSD (600 images) ORSIs-4199 (2199 images)

Num.

Setting |mloU 1 AF,,, T mDice {|mloU 1 AF,, T mDice 1
(a) H=2 |0.8129 0.8541 0.8838 | 0.7705 0.8567 0.8484
(b) H=8 |0.8130 0.8588 0.8832 | 0.7628 0.8520 0.8436
(¢) | H=16 |0.8124 0.8559 0.8828 | 0.7634 0.8533  0.8445
(d) H=4 |0.8196 0.8637 0.8864 | 0.7715 0.8596 0.8481

Table 5: Ablation analysis of the number of subspaces.

(4" row), building (5! row) and court (6" row). As shown
in Fig. 4, thanks to the efficient fine-tuning of large-scale
models, our method achieves more accurate and complete
segmentation of remote sensing targets compared to recent
methods (e.g., DPU-Former(Sun et al. 2025¢), BCARNet
(Gu et al. 2025) and SFANet (Quan et al. 2024)).

Extended Applications

To further validate the generalizability of our WEFT frame-
work, we follow the same settings to conduct additional ex-
periments on camouflaged object detection (COD), salient
object detection (SOD), and polyp segmentation (PS) tasks.
Table 2 compares our method with multiple existing meth-
ods on 7 segmentation datasets . In Table 2, it is evident that
our WEFT achieves outstanding performance across various
image types, which can be attributed to the strong modeling
capacity of large-scale foundation models.

Ablation Study

Effect of each component. Table 3 presents the quantita-
tive results for each individual component of our WEFT
framework. To be specific, “Base.” (Table 3(a)) consists of
a frozen UniPerceiver-L. network, combined with a train-
able mask decoder. Table 3(b) shows the effectiveness of
our “TWE” extractor, demonstrating that integrating dy-
namic wavelet experts with knowledge guidance improves
the adaptability of frozen frameworks to ORSIs tasks. More-
over, as illustrated in Table 3 (c) and (e), “ESTO” yields no-
table improvements in segmentation precision by enabling
subspace token refinement and boundary-aware enhance-
ment. Furthermore, we integrate the designed “SEE” into
the WEFT (as shown in Table 3 (d), (f), and (g)), which
further strengthens the spatial perception of experts during
the fine-tuning process, thereby improving the performance.
Additionally, in Fig. 5, we provide visualized results ob-
tained by progressively incorporating each component (z.€.,
TWE, ESTO, and SEE), illustrating that the predicted re-
sults increasingly resemble the ground truth. In conclusion,
each component is essential and collectively contributes to
improvements over the baseline by 12.09% and 11.27% in
terms of the “mIoU” metric on two ORSIs datasets.
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Figure 5: Visual results of each component in WEFT.
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Figure 6: Comparison of different fine-tuning strategies.

Effect of expert allocation. We perform an ablation anal-
ysis on the number of experts within our “TWE” extrac-
tor. The results from Table 4 (a)—(d) indicate that employ-
ing multiple wavelet experts significantly outperforms the
use of a single wavelet expert. However, the lower perfor-
mance with six experts compared to four suggests that not all
experts contribute positively during fine-tuning, indirectly
proving the value of our TER strategy. Accordingly, we se-
lect four wavelet experts for the final configuration.

Effect of subspace setting. In Table 5, we present the ex-
perimental results obtained using different numbers of sub-
spaces in the proposed “ESTO” component. It can be ob-
served that optimal performance is achieved when the num-
ber of subspaces is set to four. Based on this, we adopt four
subspaces in our subsequent experimental settings.

Effect of fine-tuning strategy. Fig. 6 provides a detailed
comparative analysis of different fine-tuning strategies, with
all experiments conducted under the same framework. These
results demonstrate that, compared to the LORA (Hu et al.
2022), VPT (Jia et al. 2022), and Adapter (Chen et al. 2023)
strategies, our WEFT not only significantly reduces train-
able parameters, but also achieves superior performance on
ORSIs object segmentation. This advantage is attributed to
the lightweight and efficient design of all its components.

Conclusions

In this paper, we propose a novel wavelet expert-guided
fine-tuning (WEFT), which efficiently adapts frozen large-
scale models to ORSIs segmentation tasks. First, we de-
sign a TWE extractor that models wavelet experts enriched
with task-specific knowledge, providing effective support
for fine-tuning. Second, we construct an EC adapter that
enables integration between frozen and trainable features,
allowing both types of information to be updated. Exten-
sive experiments demonstrate that our WEFT outperforms
35 SOTA models across 10 object segmentation datasets.
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