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Abstract

Vision Foundation Models (VEMs), while powerful, often
struggle in Remote Sensing (RS) segmentation tasks when
combined with existing Parameter-Efficient Fine-Tuning
(PEFT) methods. We observe that this limitation primar-
ily arises from their inability to effectively handle the per-
vasive artifacts in RS imagery. To address this, we intro-
duce Earth-Adapter, the first PEFT method specifically de-
signed for RS artifact mitigation. Earth-Adapter introduces
a novel Frequency-Guided Mixture of Adapters (MoA) ap-
proach, structured around a “divide and conquer” strategy. It
first utilizes Discrete Fourier Transformation (DFT) to “di-
vide” features into distinct frequency components, thereby
effectively isolating artifact-related information from seman-
tic signals. Subsequently, to “conquer” these artifacts, MoA
independently optimizes features within different subspaces
and dynamically assigns weights via a router to aggregate
the refined representations. This enables adaptive refinement
of the VFM’s representation space to mitigate the impact
of artifacts. This simple yet highly effective PEFT method
demonstrably mitigates artifacts and significantly enhances
VEFMs’ performance on RS segmentation tasks. Extensive
experiments demonstrate Earth-Adapter’s effectiveness on
in-domain semantic segmentation (SS), as well as Domain
Adaptive (DA) and Domain Generalized (DG) semantic seg-
mentation tasks. Compared with the baseline Rein, Earth-
Adapter significantly improves mloU by 1.2% in SS, 9.0%
in DA, and 3.1% in DG benchmarks.

Introduction

Vision Foundation Models (VFMs) have made significant
strides in recent years, driven by both natural language
supervision paradigms (e.g., CLIP (Radford et al. 2021),
ALIGN (Jia et al. 2021), SigLIP (Zhai et al. 2023)) and
self-supervised paradigms (e.g., MAE (He et al. 2022a),
DINOV2 (Oquab et al. 2023)). Pre-training on ultra-large-
scale datasets empowers VFMs with robust zero-shot com-
prehension capabilities, leading to their extensive adoption
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Figure 1: Performance across various remote sensing image
segmentation benchmarks between Frozen VFM (DINOv2-
L), Rein (Baseline) and the proposed Earth-Adapter.

across diverse tasks. These include classical computer vision
tasks (classification (Zhou et al. 2022), detection (Zareian
et al. 2021; Minderer et al. 2022), segmentation (Chen
et al. 2024a)) as well as multimodal learning (Liu et al.
2023). Simultaneously, the conventional pre-train-then-fine-
tune paradigm is evolving. When adapting VFMs to down-
stream tasks, the key challenge becomes how to efficiently
preserve and unleash their inherent capabilities. Under this
context, Parameter-Efficient Fine-Tuning (PEFT) methods
(Hu et al. 2021; Jia et al. 2022; Houlsby et al. 2019a; Gong
et al. 2024) emerge as the pivotal solution due to their supe-
rior parameter-performance trade-off.

Existing PEFT methods designed for language or nature
imagery have made great progress with excellent works,
such as LoORA (Hu et al. 2021), Visual Prompt Tuning (VPT)
(Jia et al. 2022). However, most exhibit significant perfor-
mance degradation in remote sensing (RS) segmentation
tasks when integrated with DINOv2 (Oquab et al. 2023) (ex-



perimental evidence provided in later sections). We argue
the main reason lies in the influences of artifacts in the
features. As shown in Figure 2 (a), we show the PCA vi-
sualization of features of DINOv2-L, which contains obvi-
ous redundant artifacts. We have also observed that artifacts
in natural images exhibit distinct characteristics compared
to those in RS images. In natural images, artifacts typically
surround foreground objects (Darcet et al. 2024), such as
humans or animals, and the disturbances they cause are rela-
tively limited. In contrast, RS images, due to their overhead
perspective, lack centralized subjects and contain multiple
coexisting multi-scale targets. For example, a single RS im-
age may simultaneously include large-scale agricultural re-
gions and fragmented road networks. As a result, artifacts
are almost situated everywhere in RS images shown in Fig-
ure 2 (a), causing severe interference to pixel-level feature
extraction, which is pivotal for segmentation tasks.

To address artifacts and improve VFM performance in RS
segmentation tasks, we propose a ‘“‘divide-and-conquer”
strategy. In the ‘“divide” stage, based on the observation
that high-frequency (HF) signals capture local details while
low-frequency (LF) signals encode global structures, we
apply Discrete Fourier Transformation (DFT) to separate
HF and LF components, isolating artifacts in the HF do-
main. In the “conquer” stage, we design the Mixture of
Adapters (MoA), which adjusts features in their respective
frequency domains and then uses a router to dynamically
assign weights for aggregating the corrected features. These
aggregated features are further combined with the original
frozen VFM features through skip connections and dynamic
scaling coefficients, preserving the strong feature extraction
ability of the underlying model.

This unique pipeline forms Earth-Adapter, a PEFT
method tailored for RS semantic segmentation. We compre-
hensively evaluate Earth-Adapter on 12 established bench-
marks across three settings—in-domain (SS), domain adap-
tive (DA), and domain generalized (DG)—and demon-
strate its effectiveness. Compared with existing PEFT meth-
ods, Earth-Adapter achieves state-of-the-art (SOTA) perfor-
mance on SS, DA and DG benchmarks and outperforming
our baseline Rein (Wei et al. 2024) by 1.2% , 9.0% and
3.1% mloU, respectively. We also conduct an in-depth anal-
ysis of Earth-Adapter’s design and potential. The core con-
tributions can be summarized as follows:

* We observe that VFMs are prone to artifact interference
in the high-dimensional feature space of RS imagery,
which hinders their adaptation to RS segmentation tasks.

* To address this, we propose Earth-Adapter, the first PEFT
approach tailored specifically to mitigate artifact-related
issues.

* We develop a Frequency-Guided Mixture of Adapters
(MoA) that effectively isolates artifacts within distinct
frequency subspaces, coupled with a dynamic router that
adaptively fuses adapter outputs to optimize pixel-level
VEM features for RS imagery.

» Extensive experiments across diverse RS segmenta-

tion benchmarks demonstrate the effectiveness of Earth-
Adapter.
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Related Work
RS Semantic Segmentation

Semantic segmentation (Long, Shelhamer, and Darrell 2015;
Shelhamer, Long, and Darrell 2016; Chen et al. 2017) aims
to classify every pixel in an image. RS segmentation is a crit-
ical task in numerous real-world applications, including land
cover mapping, urban planning, and environmental monitor-
ing (He et al. 2022b). Cross-domain task is crucial due to the
diversity of data, and lots of DA methods have been applied
to improve the generalization ability of segmentation mod-
els(Rui and Jintao 2020; Tong et al. 2020). Compared with
DA, the number of DG research (lizuka, Xia, and Yokoya
2023; Liang et al. 2024) in RS is much less than DA. Al-
though these works (Zhu et al. 2023) make contributions,
most of them only focus on specialized models rather than
leveraging the power of VFMs, leading to limited cross-
domain capabilities.

Vision Foundation Models

Vision Foundation Models (VFMs) have made significant
progress and have exerted considerable influence across
various Al-related fields. Among them, vision-language
foundation models—such as CLIP (Radford et al. 2021),
ALIGN (Jia et al. 2021), SigLIP (Zhai et al. 2023), and
InternViT (Chen et al. 2024b)—are trained on billions of
image-text pairs to learn joint visual-textual representations.
These models have been widely applied to a broad range of
vision and multimodal tasks, including classification (Zhou
et al. 2022), detection (Zareian et al. 2021; Minderer et al.
2022), segmentation (Chen et al. 2024a), image-text re-
trieval (Radford et al. 2021), image captioning (Dai et al.
2023), and large multimodal models (LMMs) (Luo et al.
2024). On the other hand, self-supervised models can also
learn rich visual representations from large-scale unlabeled
data. MAE (He et al. 2022a) learns generalized visual fea-
tures by reconstructing masked images from partial inputs.
MoCo (Chen, Xie, and He 2021) employs a momentum en-
coder and contrastive learning to extract discriminative rep-
resentations. DINOv2 (Oquab et al. 2023) combines self-
distillation with contrastive learning to produce scalable,
transferable features for various downstream tasks. Beyond
these various VFMs, a key challenge remains in effectively
unlocking their potential to enhance performance on down-
stream tasks. Earth-Adapter is a pioneering work for RS seg-
mentation tasks

PEFT in RS

PEFT approaches, such as adapter (Houlsby et al. 2019a,b;
Hu et al. 2021) are proposed to fine-tune large pre-trained
models to downstream tasks in Natural Language Process-
ing (NLP) by introducing light-weight learnable parame-
ters. Subsequently, the PEFT has begun to be transferred
to vision(Yin et al. 2023; Agiza, Neseem, and Reda 2024)
tasks and rapidly become the focus of researchers. Visual
Prompt Tuning (VPT) (Jia et al. 2022) first introduced
‘prompt tuning’ into the vision area as learnable vectors. The
thought of this paradigm is also similar to the adversarial
re-programming (Elsayed, Goodfellow, and Sohl-Dickstein
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(a) Current PEFT Weakness

(b) Earth-Adapter Divide and Conquer Artifacts
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Figure 2: Motivation and Structure Details of Earth-Adapter (a) points out the artifact problems in existing PEFT methods. (b)
illustrates how Earth-Adapter divides and conquers the artifacts by frequency-guided strategy and MoA framework. (1), 2), and
(3 show the sequence of each step in the DFT operation. (c) introduces the details of the Earth-Adapter component structures.

2018). Currently, cross-domain works also focus on PEFT,
such as (Ge et al. 2023) which is the first prompt tuning
method in Domain Adaptation (DA) (Sun et al. 2023; Gao
et al. 2022; Gong et al. 2024) and (Wei et al. 2024) is the
first work leveraging PEFT to fine-tuning VFMs for Do-
main Generalization (DG) (Bi et al. 2024). In the RS field,
the exploration of PEFT is also vigorous. For example, UP-
etu (Dong, Gu, and Liu 2024) addresses storage for dense
prediction tasks. TEA (Hu et al. 2024) uses an adapter net-
work and top-down guidance for detection and segmentation
tasks. (Pu and Xu 2025) also leverage LoRA to solve ori-
ented detection task. However, for the RS semantic segmen-
tation tasks, the research of PEFT is relatively blank, and
existing methods can not handle the influence of artifacts.
Earth-Adapter is the first PEFT designed to tackle artifacts,
thereby unlocking the potential of VFMs for remote sensing
segmentation tasks.

Method
Preliminary

We first denote the input RS image as x € RH*XWX3  the
corresponding label of x as y € R¥*W>K and the seman-
tic segmentation prediction of x as y’ € REXWXK \where
K represents the number of semantic classes.

Here, we’ll illustrate our innovative Earth-Adapter
overview.

The proposed Earth-Adapter is composed of two key
components: the MoA and Router. MoA consists of a Spatial
Adapter, a low-frequency (LF) Adapter, a high-frequency
(HF) Adapter. We employ ¢, parameterized by &, to de-
note the router and E?, i € {1,2,3}, parameterized by ¢, to
represent the three adapter experts. For the network architec-
ture, we adopt the framework introduced by Rein (Wei et al.
2024), integrating DINOv2-L (Oquab et al. 2023) as the
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backbone, represented as fy and parameterized by ¢, along-
side Mask2Former (Cheng et al. 2022) as the decoder, de-
noted by fy and parameterized by 6. The following presents
the details of Earth-Adapter, and we will elaborate on our
training framework in the Training Framework section.

Details of Earth-Adapter

Earth-Adapter aims to adapt VFMs to RS image semantic
segmentation tasks with minimal learnable parameters.

Optimization objective. Before employing the Earth-
Adapter, the optimization objective of fine-tuning VFMs is
to identify a set of parameters that minimize the loss of the
entire model on the downstream task:

argmm Z ﬁseg f@ f¢( )) )

(x,y)ED

ey

where D is the dataset and L, is the loss function, here
we use the default CE loss. After incorporating our Earth-
Adapter, the optimization objective becomes:

arg min Z Lees | fo

.68 (xy)eD

Reo B (f5(x)) |,y
N——
Earth-Adapter

2
During training, the original parameters of the backbone
(VFM) are kept frozen (denoted as f;). In the following
description, we denote the segmentation network combined
with Earth-Adapter as G ¢ .

Mixture of Adapters. Let F; € R("®)x¢ denote the vi-
sual feature at the i-th layer of the backbone, where hw rep-
resents the token sequence length and ¢ denotes the token
dimension. Our frequency adaptation operates through par-
allel processing streams: The first Spatial Adapter employs



a low-rank projection to refine the spatial feature:
3)

where AF*"*! means the processed i-th layer Spatial-
Domain features, and Adapter, represents a nonlinear map-
ping layer composed of two low-rank matrices and an acti-
vation:

AF;? atial _ Adapter§ (FZT)7

Adapter; = W, (Relu(Waoun(-)))- )

The Frequency Adapters consist of a HF Adapter (high-
frequency subspace) and a LF Adapter (low-frequency sub-
space), which fine-tune features in specific frequency sub-
spaces derived from a 2D Discrete Fourier Transform (DFT)
decomposition. We first reshape F*retie! to (C, H, W) and
apply DFT on spatial features as 7T (Fspqriar). When split-
ting the frequency domains, we employ a fixed frequency
cutoff p to decompose the spectrum into high and low fre-
quency components. Subsequently, these components are
transformed back into features via the Inverse Fourier Trans-
form (IFT), yielding LF and HF features:

Fi* = FT MM © FT(Fspatial)), )
F9" = FT (1= M) © FT(Fopatiat)).  (6)
The frequency mask M € {0, 1}7*W is defined by:
1 if max(ju — & jv— %) < pZ
M _ ) 20D 2 2 7
(u,0) {0 , otherwise @

Thereafter, the LF and HF features are independently passed
through two distinct low-rank linear projection layers, gen-
erating frequency adaptation adjustments:

AF!" = Adapterh (Flov), (8)

AF?’lgh = Adapter; (F:”gh). 9)

The Frequency Adapters shares the same structure as the
Spatial Adapter, as defined in Equation 4.

Dynamic Router. We implement dynamic feature aggre-

gation through a Router that learns optimal combinations of

feature adjustment according to the original visual features.
The Router weight is computed by channel-wise attention:

w; = Softmax(R¢(F;)), (10)

where w; represents weights for spatial, LF, and HF com-
ponents. The final feature adjustment is calculated as:

3

AF; =o; > wi AR, (11)
k=1

where «; is a learnable scaling parameter with small initial

value, and k € {spatial,low, high}. The frozen features
and the refined features are fused via a skip connection:

F, = F; + AF;. (12)

F; is then forwarded to the subsequent Transformer block to
continue the layer-wise processing.
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Training Framework

In this work, we explore the application of Earth-Adapter
across three distinct semantic segmentation subtasks: se-
mantic segmentation (SS), domain adaptive (DA) semantic
segmentation and domain generalized (DG) semantic seg-
mentation . For SS and DGSS, we train Earth-Adapter with
Mask2former (Cheng et al. 2022) in end-to-end supervised
learning as described in Equation 2. For DA semantic seg-
mentation, we use the self-training framework introduced in
DACS (Tranheden et al. 2021) without using target domain
labels. DACS employs an EMA teacher to generate pseudo
labels for target-domain images, mixes target and source
samples to obtain the mixed domain (X, Yimiz) and then
jointly trains on both the source and mixed domains. The
optimization objective for the DASS if defined by:

Z Eseg (G9,£,6(X)7 Y)

(x,y)EDUD ia
+ )\daﬁseg (GO,f,e(xmim)a ymzm) .

arg min

Ore.8 (13)

Adq 18 the weight parameter for DA loss.

Experiments
Experimental setup

Datasets and Benchmarks. We conduct all experiments
on several widely used RS image segmentation datasets:
Potsdam (Markus Gerke 2014) , Vaihingen (Markus Gerke
2014), LoveDA (Wang et al. 2021), and iSAID (Waqas Za-
mir et al. 2019). Following the standard MMSegmenta-
tion configurations, we split each dataset into training and
validation sets, apply cropping, and construct four seman-
tic segmentation (SS) benchmarks: Potsdam(P), Vaihin-
gen(V),LoveDA(L),iSAID(i), along with four domain adap-
tation (DA) and four domain generalization (DG) tasks:
Potsdam to Vaihingen (P2V), Vaihingen to Potsdam
(V2P), Rural to Urban (R2U), Urban to Rural (U2R). In
our experimental setup, all images are cropped to a size of
512 x 512.

Implementation Details. We use MMSegmentation
as our training and evaluation framework. We employ
Mask2former (Cheng et al. 2022) as our decoder, which
is a highly efficient and effective algorithm for semantic
segmentation tasks. For backbone, we utilize the Dinov2-
Large (Oquab et al. 2023) model to extract features, which
are subsequently utilized as input for the Mask2former. Dur-
ing training, we utilize AdamW (Loshchilov and Hutter
2019) as the optimizer, with a learning rate of le-5 for the
backbone, 1e-4 for the decoder, and 1e-4 for the relevant pa-
rameters in PEFT. Within the DACS training framework, we
set Agq t0 0.5.

Main Result

As depicted in Table 1, we conduct a comparative anal-
ysis of the existing mainstream PEFT methods, such as
Adapter (Houlsby et al. 2019a), LoRA (Hu et al. 2021),
and VPT (Jia et al. 2022), against our Earth-Adapter
across eight cross-domain benchmarks,with state-of-the-art



Methods DASS Avg. DGSS Avg.
P2V V2P R2U U2R P2V V2P R2U U2R

Previous SOTA methods

DAFormer 64.4 54.8 52.7 42.5 53.6 42.4 41.4 54.2 39.9 44.5
HRDA 67.6 58.6 53.2 35.3 53.7 33.1 31.1 54.2 39.8 39.6
PEFT-based methods with VFM

Frozen 21.0 7.2 21.5 11.8 154 57.9 49.4 57.1 42.7 51.8
Frozen (with register) 11.3 28.2 36.4 16.1 23.0 59.0 51.1 58.9 44.9 53.5
Full Fine-Tune 11.3 16.5 23.1 10.6 154 12.6 19.6 33.1 19.7 21.3
Adapter 66.4 59.3 55.9 46.2 57.0 56.0 47.4 57.6 41.8 50.7
LoRA 17.8 18.8 24.5 26.0 15.7 20.3 25.6 29.3 21.9 24.3
VPT 66.2 59.3 55.3 48.0 57.2 59.2 52.3 57.4 44.9 53.5
AdaptFormer 12.9 15.3 25.1 22.2 18.9 14.0 19.3 31.0 15.8 20.0
Rein (baseline) 60.2 60.9 52.8 26.0 50.0 60.8 52.5 55.8 434 53.1
Earth-Adapter (Ours) 67.7 62.2 55.9 50.0 59.0 64.9 55.1 59.0 45.7 56.2
A over baseline method +7.5 +1.3 +3.1 +24.0 +9.0 +4.1 +2.6 +3.2 +2.3 +3.1

Table 1: Performance (mloU%) comparison between previous SOTA methods and PEFT-based methods on DA and DG bench-
marks. Bold indicates the best performance. Underlined results denote the second-best. The last row shows improvements over

the baseline.

Method | v L i Avg.
Traditional Methods

DeepLabV3+ (R-101) 748 697 514 534 623
PSPNet (R-101) 747 692 485 575 625
UperNet (Swin-B) 755 694 556 679 67.1

Segformer (MiT-B5) 753 684 555 66.8 66.5
Mask2Former (Swin-B)  75.7 712 547 640 664

PEFT-based methods with VFM

Frozen 756 704 542 673 669
Frozen (with register) 75.7 708 56.0 675 675
Full Fine-Tune 70.5 64.6 439 12.0 47.7
LoRA 719 646 51.0 485 59.0
VPT 759 706 546 685 674
AdaptFormer 654 56.0 420 75 428
Rein 762 70.8 549 684 67.6

Earth-Adapter (Ours) 76.7 71.7 569 69.8 68.8

A over baseline method +0.5 +0.9 +2.0 +14 +1.2

Table 2: Performance (mloU%) comparison between previ-
ous SOTA methods and PEFT-based methods on SS bench-
marks. Bold indicates the best performance. Underlined re-
sults denote the second-best. The last row shows improve-
ments over the baseline.

method Rein (Wei et al. 2024) in natural scene as our base-
line. These benchmarks encompass four DA scenarios (P2V,
V2P, R2U, and U2R) and four DG scenarios that mirror the
DA ones.

Starting with the DA experiments, many existing PEFT
methods suffer from severe performance degradation when
compared to DA-specialized models. For example, LoRA
achieves only 17.8% mloU on the P2V (DA) benchmark for
RS images, even lower than the Frozen DINOv2-L back-

General VFMs

Backbone Methods Params P2V(DG) V2P(DG) Avg.
“DiNowss  Frozen T T 00M ~ - 443~ © 433 433"
Earth-Adapter 2.60M™9.6M  47.5 44.8 46.2
******** Frozen ~ ~ ~ 0.0M ~ 314~ ~ T49.5 ~ 305
DINOV2-B g, Adapter 2.6M™9.6M  53.0 518 524
******** Frozen -~ ~ 0.0M ~ ~ 379" ~ T49.4 ~ 337"
DINOVZ-L g ih-Adapter 2.6M™9.6M  64.9 551 60.0
RS-pretrained VFMs
Backbone Methods Params  P2V(DA) V2P(DA) Avg.
ML Frozn T TO0.0M T 3207 T 330 325
Earth-Adapter 2.6M-9.6M  40.8 410 409
******** Frozen -~ ~ 0.0M ~ ~ 200" ~ T19.8 ~ 199"
ScaleMAE-L g h Adapter 2.6M™9.6M 202 206 249
******** Frozen -~ ~ 0.0M ~ ~ 93~ ~ T13.7 T 118"
DOFA-L porth-Adapter 2.6M™9.6M  26.2 32 207

Table 3: Ablation studies of Earth-Adapter on different
VFMs. Results validate that Earth-Adapter’s effectiveness
on diverse backbone networks.

bone. In contrast, our Earth-Adapter demonstrates much
stronger domain adaptation capabilities. It surpasses the
baseline Rein by 7.5% mloU on P2V, 3.1% mloU on R2U,
24.0% mloU on U2R, and achieves an average improvement
of 9.0% mloU across all DA benchmarks. Shifting to the DG
experiments, the issue of performance degradation remains,
although the trend is somewhat mitigated. Unlike in the DA
setting, the Frozen model highlights the potential general-
izability of DINOv2-L. However, FFT, LoRA, and Adapt-
Former continue to show clear limitations. Consistent with
the DA benchmarks, Earth-Adapter achieves state-of-the-art
(SOTA) performance in DG, surpassing the baseline Rein
and Adapter by 3.1% and 4.4% mloU, respectively.

We also conducted comparisons on four SS benchmarks,
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Image Frozen Rein  Earth-Adapter GT Image Frozen Rein  Earth-Adapter GT

Figure 3: Visualization of Predicted Segmentation Maps We Compare Earth-Adapter with the Frozen DINOv2-L backbone
and our baseline Rein on eight cross-domain benchmarks. For the Potsdam and Vaihingen color map, white is the Impervious
surface,red is the clutter, blue is the building, Cyan is the low vegetation, green is the tree, and yellow is the car. For LoveDA
color map, red is the building, yellow is the road, blue is the water, purple is the barren, green is the forest, brown is the
agriculture.

Image LF Feature  HF Feature Spatial Feature Agg. Feature LF PCA

. W “

Figure 4: Visualization and PCA of Adapters’ Feature Maps. ‘Agg. Feature’ represents the aggregated adapters’ features. ‘PCA’
represents the Principal Component Analysis of features. All visualizations represent feature maps, not heatmaps. Thus only
the semantic boundaries within the features should be focused rather than color intensities.

with the results summarized in Table 2. Regarding PEFT- Ablation and Analysis

related methods, conventional approaches such as LoRA Ablation of Different Backbones. Beyond the DINOv2-
and AdaptFormer struggle to adapt to the characteristics Large backbone used in the main results (Tables 1 and 2), we
of remote sensing images, often disrupting the representa- further evaluated other DINOv2 variants. Results for ViT-
tions of VFMs during fine-tuning and ultimately leading Small and ViT-Base (Table 3, rows 3-8) show that Earth-
to poor performance. In contrast, our Earth-Adapter con- Adapter consistently improves performance across back-
sistently achieves the best performance among all PEFT bones of different scales. We also tested VFMs pre-trained
methods. We attribute this advantage to its unique design, on remote sensing data, including MTP-Large (Wang et al.
which mitigates high-dimensional artifacts and effectively 2024), ScaleMAE-Large (Reed et al. 2023), and DOFA-
”denoises” semantic representations, thereby enabling more Large (Xiong et al. 2024) (Table 3, rows 11-16). Earth-
accurate pixel-level feature extraction and superior semantic Adapter again delivers stable improvements in segmentation
segmentation pgrformgnce. Overall, our Earth-Adapter sur- performance. Finally, we observed that DINOv2 models out-
passes the baseline Rein by an average of 1.2% mloU, high- perform those pre-trained on remote sensing data, likely be-
lighting its effectiveness. cause the latter are trained on smaller-scale datasets and thus

remain less mature.
Component Effectiveness Ablation. In Table 4, ablation
studies on MoA’s components and adapter numbers show
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Backbone Methods Params | Train Speed (s/iter) | Infer Speed (s/iter) | mloU (%) *
Full 304.2M 0.80 0.11 15.4
DINOv2-L Rein 3.0M 0.68 0.12 50.0
Earth-Adapter 2.6M™9.6M 0.71 0.12 59.0 (+9.0)

Table 4: Comparison on Parameters, Speed, and Performance between FFT, Rein, and Earth-Adapter. All results are the average
score of DA benchmarks, demonstrating the excellent trade-off of Earth-Adapter.

Adapter + HF + LF P2V (DG) V2P (DG) Avg.
1 - - 61.0 52.8 56.9 (+0.0)
- 1 - 59.4 50.9 50.9 (-6.0)
- - 1 59.1 51.5 55.3 (-1.6)
2 - - 61.6 514 56.5 (-0.4)
3 - - 64.0 52.7 58.4 (+1.5)
4 - - 61.4 53.3 57.4 (+0.5)
5 - - 62.5 52.5 57.5 (+0.6)
1 1 1 64.9 55.1 60.0 (+3.1)
2 61.3 54.7 58.0 (+1.1)
3 1 1 61.6 54.6 58.1 (+1.2)

Table 5: Ablation of Adapters’ Combination. The ‘Adapter’
means the number of vanilla Adapter that accepts Spatial
features. The ‘+ HF’ and ‘+ LF’ represent the number of
adapters that accept high and low-frequency features as in-
put. The ‘+’ in the bracket represents the gain compared with
one Adapter.

that using only HF or LF adapters decreases performance
compared to spatial adapters, with HF causing a larger drop.
This aligns with PCA visualizations in 2 (b) and 4, where
HF features have more artifacts and noise, while LF' fea-
tures are smooth with clear global semantics. Thus, using
only HF severely damages performance. Although only us-
ing LF features outperforms HF features (50.9%mloU), it
still underperforms spatial features (56.9% mloU) due to
lacking semantic details. After that, we also conduct more
experiments on the number of Spatial adapters, and reveal
the best composition is the one spatial adapter with one HF
and LF adapters.

Prediction Visualization Analysis. In Figure 3, we vi-
sualize the predicted segmentation map of the Frozen
DINOvV2-L, Rein, and Earth-Adapter. It is worth noting that
in the U2R (DG) example, Rein’s prediction is worse than
the original backbone, which means Rein can not adapt to
RS image well, which leads to a negative effect on the back-
bone features. In contrast, on the backbone’s basement, the
Earth-Adapter keeps the good details of backbone features,
and further optimizes the representation of agriculture class.
And in other experiments, Earth-Adapter also exhibits better
prediction than Rein and Frozen backbone, showing a higher
performance upperbound.

Feature Visualization Analysis. In Figure 4, we visual-
ize features captured by three adapters on P2V (DG) and
R2U (DG) benchmarks. As discussed in the introduction, LF
features focus on coarse-grained and global semantics, while
HF features show detailed representations. The aggregated
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Method P2V(DG) V2P(DG) Avg.
w/o DR 63.6 53.2 58.4
w/ DR 64.9 55.1 60.0(+1.6)

Table 6: Ablation of Dynamic Router.

features are a weighted summation of the three different fre-
quency features. PCA visualizations clearly show each fea-
ture’s characteristics. Take P2V in the figure as an exam-
ple, artifacts are almost filtered into high-frequency features
(shown in ‘HF PCA’), and dynamic fusion of all features
ensures the final aggregated features’ PCA maintains clear
semantic edges and successfully filters out artifacts. These
visualizations further enhance Earth-Adapters’ explainabil-
ity.

Performance-Speed Trade-Off Analysis. We compare
the parameters, speed, and performance between FFT, Rein,
and Earth-Adapter in Table 4. Significantly, at the same
time of close training and inference speed with Rein, Earth-
Adapter achieves better performance (9.0% mloU improve-
ment), with a smaller parameter scale. This further confirms
the efficiency of Earth-Adapter, which can be attributed to its
simple yet effective design methodology, making it particu-
larly well-suited for semantic segmentation tasks on remote
sensing images.

Ablation of Dynamic Router. As shown in Tab. 6, the use
of the dynamic router leads to better results, yielding an av-
erage improvement of 1.6% mloU across the two DG bench-
marks. Compared with static weights (where we assign a
weight of 1/3 to each static route), the dynamic router can
adaptively adjust the feature allocation weights, enabling
more effective representation optimization.

Conclusion

Vision Foundation Models (VEMs) excel across diverse vi-
sual tasks, and pairing them with Parameter-Efficient Fine-
Tuning (PEFT) is an effective way to adapt them to down-
stream applications. However, existing PEFT methods often
fall short on remote sensing (RS) semantic segmentation be-
cause they fail to suppress the pervasive artifacts in VFM
deep features for RS imagery. To address this limitation, we
introduce Earth-Adapter, a simple yet effective PEFT frame-
work tailored for RS segmentation. It employs a frequency-
guided mixture of adapters (MoA) that isolates artifacts into
the high-frequency subspace, fine-tunes features within each
subspace, and adaptively fuses them through a learnable
router.
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