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Abstract

Semi-supervised semantic segmentation (S4) has advanced
remote sensing (RS) analysis by leveraging unlabeled data
through pseudo-labeling and consistency learning. However,
existing S4 studies often rely on small-scale datasets and
models, limiting their practical applicability. To address
this, we propose S5, the first scalable framework for semi-
supervised semantic segmentation in RS, which unlocks the
potential of vast unlabeled Earth observation data typically
underutilized due to costly pixel-level annotations. Built upon
existing large-scale RS datasets, S5 introduces a data selec-
tion strategy that integrates entropy-based filtering and diver-
sity expansion, resulting in the RS4P-1M dataset. Using this
dataset, we systematically scale up S4 into a new pretrain-
ing paradigm, S4 pre-training (S4P), to pretrain RS founda-
tion models (RSFMs) of varying sizes on this extensive cor-
pus, significantly boosting their performance on land cover
segmentation and object detection tasks. Furthermore, dur-
ing fine-tuning, we incorporate a Mixture-of-Experts (MoE)-
based multi-dataset fine-tuning approach, which enables ef-
ficient adaptation to multiple RS benchmarks with fewer pa-
rameters. This approach improves the generalization and ver-
satility of RSFMs across diverse RS benchmarks. The re-
sulting RSFMs achieve state-of-the-art performance across
all benchmarks, underscoring the viability of scaling semi-
supervised learning for RS applications.

Code — https://github.com/MiliLab/S5

Introduction

Remote sensing (RS) semantic segmentation is a key task in
RS image understanding, aiming to accurately classify each
pixel to enable automatic recognition and analysis of land
cover information (Zhang and Zhang 2022). However, tra-
ditional fully supervised segmentation methods heavily rely
on pixel-level annotations, making the acquisition of high-
quality training samples extremely costly. This dependency
also limits model generalization in diverse scenarios. To re-
duce the burden of manual labeling and lower costs, semi-
supervised semantic segmentation (S4) (Ouali, Hudelot, and
Tami 2020) has gained increasing attention. S4 enhances
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RS image segmentation performance by combining a small
amount of labeled images with a large number of unlabeled
images during the training stage.

Early S4 research explored GAN-based methods (Souly,
Spampinato, and Shah 2017). Subsequently, data augmenta-
tion was recognized as a crucial factor (French et al. 2019).
Recent approaches mainly rely on pseudo-labeling and con-
sistency regularization. ST++ (Yang et al. 2022) demon-
strates that strong data augmentation significantly boosts
self-training performance, though multi-stage pipelines of-
ten reduce efficiency. UniMatch (Fan et al. 2023) revisits
consistency regularization using weak-to-strong augmenta-
tion, a strategy originally generalized by FixMatch (Sohn
et al. 2020) for semi-supervised classification. FixMatch
generates pseudo-labels on weakly augmented images and
enforces consistency on their strongly augmented counter-
parts, using a confidence threshold to ensure pseudo-label
reliability. Thanks to its simplicity and efficiency, FixMatch
has become a key baseline in S4, inspiring many follow-up
methods, such as UniMatch (Fan et al. 2023), RankMatch
(Mai et al. 2024), and CorrMatch (Sun et al. 2024). In RS,
methods like RanPaste (Wang et al. 2021), WSCL (Lu et al.
2023), and SegMind (Li et al. 2023) also adopt the Fix-
Match framework, enhancing it with domain-specific aug-
mentations such as random copy-paste, dual-view augmen-
tation, and random masking for complex RS scenes.

However, current S4 research still relies on small-scale
models and datasets. As illustrated in Figure 1 (a), a com-
mon strategy involves splitting the training set of stan-
dard segmentation datasets (e.g., iSAID (Waqas Zamir et al.
2019)) into labeled and unlabeled subsets. By leveraging S4
methods in combination with unlabeled images, model per-
formance under limited supervision can be significantly im-
proved compared to purely supervised training (SupTrain).
However, such settings are typically constrained to a single
dataset, which limits the exploration of S4’s potential in har-
nessing large-scale Earth observation data.

Meanwhile, RS foundational models (RSFMs) have made
significant progress, benefiting from large datasets like Mil-
lionAID (Long et al. 2021) and SAMRS (Wang et al. 2023),
alongside extensive exploration of different pre-training
strategies. Self-supervised learning methods, such as con-
trastive learning (Tian et al. 2020) and masked image mod-
eling (MIM) (He et al. 2022), extract generalizable fea-
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Figure 1: (a) Traditional S4 workflow: splitting the dataset into labeled and unlabeled subsets to improve model performance
with few labeled samples. (b) The proposed S5 workflow: perform semi-supervised segmentation pretraining on both labeled
and large-scale unlabeled datasets, followed by fine-tuning on RS benchmarks. (c) Comparison of performance across four RS

segmentation and two object detection benchmarks.

tures without relying on labeled data. In contrast, super-
vised pre-training better aligns upstream and downstream
tasks and domains, enhancing transferability. For instance,
RSP (Wang et al. 2022a) applies supervised pre-training on
the MillionAID dataset, producing RSFMs that perform well
across diverse downstream tasks. The SAMRS (Wang et al.
2023) dataset is used to explore segmentation pre-training
(SEP) and multitask pre-training (MTP) (Wang et al. 2024a),
which further enhance generalization by narrowing the gap
between pre-training and target tasks. However, SAMRS re-
lies on the Segment Anything Model (SAM) (Kirillov et al.
2023) to generate segmentation masks from bounding-box
annotations. This dependence, along with its limited anno-
tation scale constrains scalability. In particular, this mask
generation process resembles the self-training paradigm of
S4. Furthermore, given that pre-training is most effective
when tasks and domains are well aligned, a key question
arises: Can we scale up S4 to pre-train RSFMs on massive
RS imagery, and thereby enhance their performance across
diverse RS applications?

To answer this question, we introduce Scalable Semi-
supervised Semantic Segmentation (S5), the first framework
to pre-train RSFMs using large-scale unlabeled RS images
via semi-supervised learning.

As illustrated in Figure 1 (b), S5 curates a large-scale un-
labeled RS dataset using a sample selection strategy that
combines entropy-based filtering with diversity expansion.
Building on this dataset, we systematically perform S4 pre-
training (S4P) on RSFMs of varying capacities, all initial-
ized with MAE (He et al. 2022) pretrained weights. Experi-
ments show that S4P not only enhances the general represen-
tation ability learned from MAE pre-training, but also sig-
nificantly improves downstream performance on land cover
segmentation and object detection tasks. Furthermore, dur-
ing fine-tuning, S5 introduces a multi-dataset fine-tuning
strategy based on Mixture-of-Experts (MoE), which incor-
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porates both task-shared and task-specific Feedforward Net-
works (FFNs). This design allows the RSFM to adapt effi-
ciently to multiple RS benchmarks with minimal additional
parameters. Extensive experiments demonstrate that RSFMs
pre-trained under the S5 framework achieve state-of-the-art
(SOTA) performance across multiple segmentation and de-
tection benchmarks (see Figure 1 (¢)), validating the poten-
tial and promise of large-scale semi-supervised pre-training
for RSFMs development.
Our main contributions are summarized as follows:

* We introduce the S5 framework for RS, addressing the
limitations of traditional S4 methods that rely on small-
scale datasets and models. S5 establishes a new paradigm
for leveraging vast amounts of unlabeled RS images to
develop RSFMs.

* We propose a low-entropy filtering and diversity expan-
sion strategy to curate RS4P-1M, a dataset of one million
reliable RS images covering diverse geospatial scenes.
This dataset enables effective S4P of RSFMs and lays a
solid foundation for future research in scalable RSFMs
pre-training.

* We design a MoE-based multiple dataset fine-tuning
(MoE-MDF) approach, which combines task-shared and
task-specific FFNs to enable efficient joint adaptation
across multiple RS benchmarks with minimal parame-
ter overhead, significantly enhancing RSFMs’ general-
ization and transferability.

Related Work
Semi-supervised Semantic Segmentation

S4 aims to train semantic segmentation models using a small
amount of labeled data and a large pool of unlabeled data.
Early S4 approaches relied on consistency regularization
and pseudo-labeling, ensuring stable predictions under per-
turbations or leveraging the model’s own outputs as labels.
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Figure 2: The overall pipeline of the proposed S5 framework. It starts with the construction of the RS4P-1M dataset, followed
by training RSFMs based on the S4P. The pre-trained weights are then fine-tuned on semantic segmentation and object detection
benchmarks through the MoE-based multiple dataset fine-tuning (MoE-MDF) scheme. ViT-MoE indicates the integration of

the FFN-MoE modules into the ViT backbones.

Recent deep learning-based S4 methods have significantly
improved performance. UniMatch (Fan et al. 2023) enforces
weak-to-strong consistency at both image and feature levels,
AugSeg (Zhao et al. 2023b) enhances robustness through
data augmentation, and iMAS (Zhao et al. 2023a) introduces
instance-specific, model-adaptive supervision. CorrMatch
(Sun et al. 2024) propagates labels via correlation match-
ing, AllSpark (Wang et al. 2024b) employs a Transformer-
based approach leveraging labeled features, SemiVL (Hoyer
et al. 2024) integrates vision-language guidance for better
pseudo-labeling, and UniMatchV2 (Yang, Zhao, and Zhao
2025), built on DINOV2 (Oquab et al. 2024), further im-
proves S4 performance.

S4 methods in RS address domain-specific challenges.
For instance, RanPaste (Wang et al. 2021) exploits unla-
beled data through consistency and pseudo-labeling, WSCL
(Lu et al. 2023) transitions from weak to strong labels,
SegMind (Li et al. 2023) integrates mask image modeling
with contrastive learning, and DWL (Huang et al. 2024) en-
hances segmentation via decoupling and weighting of dif-
ferent components. Unlike existing S4 methods, which are
often constrained by small datasets, we introduce S5, a scal-
able semi-supervised framework designed to leverage large-
scale unlabeled RS data for pre-training RSFMs.

Remote Sensing Foundation Models

RSFMs have gained attention for their ability to learn
generalizable and transferable features. Pre-training ap-
proaches are typically supervised or self-supervised. RSP
(Wang et al. 2022a) pioneered this approach by pre-training
CNNs and vision transformers on Million-AID (Long et al.
2021), while MTP (Wang et al. 2024a) aligns multi-
ple downstream tasks for enhanced representation learn-
ing. SAMRS (Wang et al. 2023) improves segmentation-
focused FMs using a 100,000-sample dataset built with
SAM (Kirillov et al. 2023). However, these methods rely
on labeled data, which are scarce and hard to scale. Re-
cent work favors self-supervised pre-training, either con-
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trastive—forming positive-negative pairs from image aug-
mentations (Li et al. 2022), multimodal images (Stojnic
and Risojevic 2021; Jain, Schoen-Phelan, and Ross 2022),
geographic priors (Li et al. 2021), or temporal imagery
(Mall, Hariharan, and Bala 2023)—or generative methods
like MIM (He et al. 2022) that reconstruct masked regions
to capture structural features. RingMo (Sun et al. 2022)
employs incomplete masking for dense small objects in
RS scenes, while RVSA (Wang et al. 2022b), initialized
with MIM weights, introduces rotational window attention
to enhance target representation with lower computational
cost. GFM (Mendieta et al. 2023) refines MIM pre-training
by leveraging ImageNet-pre-trained FMs, while SatMAE
(Cong et al. 2022) and Scale-MAE (Reed et al. 2023) incor-
porate multi-temporal and multi-scale features, respectively.
SkySense (Guo et al. 2024) proposes a billion-scale multi-
modal RSFM that leverages multi-level contrastive learn-
ing and geo-context learning for large-scale pre-training on
RS images. In contrast, our work explores S4P for RSFMs
and introduces S5: the first scalable framework for semi-
supervised semantic segmentation in RS. Leveraging the
newly established RS4P-1M dataset in this work, we suc-
cessfully pre-train RSFMs with up to 600M parameters,
achieving SOTA performance across multiple benchmarks.

Methodology

As illustrated in Figure 2, the proposed S5 framework con-
sists of three key components: dataset curation, S4 pre-
training (S4P), and MoE-based multi-dataset fine-tuning
(MoE-MDF). These components will be introduced in de-
tail in the following text.

Pre-training Dataset Curation

To explore a suitable S4P paradigm for large-scale RS im-
ages, we begin by analyzing existing public datasets. In RS,
the MillionAID dataset (Long et al. 2021) is one of the most
widely used resources for pre-training RSFMs, due to its



large scale and diverse scene types. As such, it serves as our
primary source of unlabeled imagery. To enhance dataset di-
versity, we further incorporate SAMRS (Wang et al. 2023)
and STAR (Li et al. 2024a) datasets. As these datasets are
primarily collected from Google Earth, we adopt iSAID
(Waqas Zamir et al. 2019), an object-level segmentation
dataset with similar resolution and imaging style, as our la-
beled data source.

Based on the above datasets, we combine a certain amount
of labeled data with large-scale unlabeled images, and lever-
age S4P to transfer annotation knowledge to broader RS sce-
narios. This enhances the model’s generalization ability and
bridges the gap between pre-training and downstream tasks.
However, using all unlabeled data may degrade pseudo-label
quality due to distribution mismatch.

To mitigate this, we propose an entropy-based filtering
and semantic diversity expansion strategy. Treating the la-
beled set as a curated subset, we aim to extend it with un-
labeled samples that are both reliable and diverse. We first
train an initial segmentation model (ViT-H + UperNet (Xiao
et al. 2018)) on the labeled data and apply it to cropped
unlabeled patches. Considering that the model may exhibit
high uncertainty on low-quality or out-of-distribution sam-
ples, we adopt the pixel-level average entropy as a confi-
dence measure for the pseudo-labels. For each unlabeled im-
age v € REXWX3 _the average entropy is defined as:

HxW K

1 . )
v 2 2 Praleg Prat), (1)

=1 k=1

where P*(z?) is the probability of pixel z° belonging to
class k£ (excluding background). Patches are then ranked by
entropy:

D ={(zj,Ej), j=1,...,N}, )

WithEl SEQ S SEN
where N is the total number of cropped unlabeled image
patches. High-entropy samples are likely noisy or out-of-
distribution, so we prioritize low-entropy patches. Never-
theless, low entropy selection may yield semantic redun-
dancy, with the chosen images concentrated in a few com-
mon scenes. To promote diversity, as illustrated in the simi-
larity assignment step of Figure 2, we extract features from
labeled images using the trained segmentation model’s back-
bone and apply K-Means to cluster them into M clusters,
denoted as C,Cs, ..., C);. For each unlabeled image, we
compute its cosine similarity to these cluster prototypes and
assign it to the nearest cluster. Let B“ denote the target num-
ber of selected unlabeled samples, where N > B". Each
cluster is allocated a quota:
l

ﬁ7 3)
N}, denotes the number of labeled samples in the m-th clus-
ter, and B! is the total number of labeled samples. Once a
cluster reaches its quota, we exclude further similar images
to avoid semantic redundancy.
We set B* to a million to construct the RS4P-1M dataset,
which balances pseudo-label quality and semantic diversity,
greatly improving model generalization and transferability.

BY = B"-
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S4 Pre-training

Through the above process, we construct the RS4P-1M
dataset for S4P. We then introduce a general RSFMs pre-
training framework that is compatible with existing S4 meth-
ods. Considering that more complex algorithms may suf-
fer from low training efficiency on large-scale images, we
adopt FixMatch (Sohn et al. 2020), an efficient and widely
used consistency regularization method that applies weak-
to-strong data augmentations for pre-training.

Consider a dataset consisting of labeled image pairs from
the iSAID dataset {(z!, y!)} 2", and unlabeled images from

'8
our curated RS4P-1M collection {z }f;l. Each labeled im-

age vt € RH*WX3 hag corresponding pixel-level annota-

tions y! € REXWXK where K is the number of classes
in the pre-training phase. Each unlabeled image zj €

RZXWX3 has no annotations. The numbers of labeled and
unlabeled images are B; and B,,, respectively.

FixMatch employs distinct transformation strategies for
data augmentation: Weak augmentation A,, involves ran-
dom scaling, cropping, rotation, and flipping, while Strong
augmentation A, applies more aggressive transformations,
such as CutMix (Yun et al. 2019), color jitter, grayscale con-
version, and Gaussian blur.

For each unlabeled image x/, we generate two augmented
views using sequential transformations:

= Ay (z¥), As(Ap(xf)).

J J

Us
Tj

U

T

“)

The overall training objective function for both labeled
and unlabeled images is given by:

L=Lo+ ALy,

&)

Here, the supervised and unsupervised loss terms are de-
noted as L and £,,_, respectively, with A as a hyperparam-
eter that controls the weight of the unsupervised loss. These
losses are defined as:

B
1
»Cs = 5 Ece l‘v i)y 6
&Z; (yh,p:) ©6)
1 &
Eus = Bf ]l(max(p?w) 2 T)Ece(gjap;iSL (7)
where L.. denotes the cross-entropy loss, p; = f (xﬁ)

p;* = f(zj"), and pi* = f(x}*) are the predicted prob-
aéility maps for labeled and unlabeled images. The pseudo-
label §; is determined by §; = arg max(p;*), with 7 being
the confidence threshold for the pseudo-labels. The indica-
tor function 1 ensures that only high-confidence predictions
contribute to the unsupervised loss. During semi-supervised
learning, the segmentation network f(-) is optimized across
both supervised and unsupervised branches, allowing it to
learn more representative and discriminative features.

MoE-based Multiple Dataset Fine-tuning

During fine-tuning, existing RSFMs often follow a “one
dataset, one model” paradigm, requiring a separate model to
be trained for each downstream dataset. This approach leads
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to significant parameter redundancy and lacks generalization
across datasets, making it inefficient for unified deployment
and scalability.

To address these issues, our goal is to develop general-
purpose RSFMs that support multiple datasets for the same
task (e.g., land cover segmentation), enabling unified fine-
tuning and deployment. As shown in Figure 3, we first adopt
a shared backbone combined with dataset-specific decoders,
and train the model via multiple-dataset joint fine-tuning
(MDF) to handle T datasets simultaneously. However, due
to the considerable differences in data distributions, label
spaces, and annotation styles across datasets, naively sharing
the backbone may lead to feature interference, thereby hin-
dering performance and convergence. To mitigate this, we
further propose the MoE-MDF approach, which decouples
shared and dataset-specific knowledge within the model.
Specifically, we integrate the MoE modules into the ViT by
splitting the FFN into multiple branches: a shared expert for
learning general representations, and 7' dataset-specific ex-
perts for modeling dataset-specific features. This design re-
sults in the FFN-MOoE, as illustrated in Figure 3.

Taking a standard Transformer block as an example, the
computation of FEN-MoE begins with the input feature F'™",
it first passes through multi-head self-attention (MHSA),
followed by a shared linear layer and a ReL.U activation to
obtain the intermediate feature:

Fyen = ReLU(Linear(MHSA(F™)), ®)

Fren € RYXDwhere N is the number of tokens and D
is the intermediate dimensionality. Next, this intermediate
representation is passed through two parallel branches: one
shared expert independent of the task, and one task-specific
expert. The computation is defined as:

[rshared D—>(1—Ot)C(FFFN)

= Linearg, -,

©))

specific __ 1 : D—aC ( ;7FFN
F = Lineargc e (F),
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where C is the output channel dimension, and a € [0, 1]
is a hyperparameter controlling the partition ratio between
shared and task-specific capacities. The shared linear layer
is updated using data from all tasks, while LinearglciﬁC is
exclusively trained with samples from task ¢. Finally, the
two outputs are concatenated along the channel dimension
to form the final output of the FFN:

Fout — Concat (Fshared’ Fspeciﬁc) ) (10)

Overall, the proposed MoE-MDF approach enables ef-
ficient and unified processing of multiple datasets, greatly
reducing memory use and computational cost compared to
maintaining separate models. It adds no extra parameters or
inference delay, making it an efficient and practical universal
backbone for RS segmentation. This method can also be ex-
tended to object detection, allowing one model to generalize
across multiple datasets using the same fine-tuning and de-
ployment pipeline. Overall, this unified framework provides
a solid foundation for building general-purpose RSFMs that
handle diverse downstream tasks effectively.

Experiments

In this section, we comprehensively evaluate the proposed
method on RS semantic segmentation and object detec-
tion tasks. S5 successfully pre-trains ViT RSFMs ranging
from ViT-B to ViT-H (up to 600 million parameters) and
achieves state-of-the-art performance on multiple RS bench-
marks with fewer parameters after fine-tuning. We also val-
idate the effectiveness of S5’s core components through ab-
lation studies. More details of dataset, pre-training, and fine-
tuning implementations can be found in the appendix.

Comparison with SOTA Methods

To thoroughly assess our method, we fine-tune it on diverse
RS benchmarks covering semantic segmentation and object
detection. We compare S5 with state-of-the-art RSFMs in-
cluding RVSA (Wang et al. 2022b), GFM (Mendieta et al.
2023), Scale-MAE (Reed et al. 2023), SAMRS (Wang et al.
2023), SatMAE++(Noman et al. 2024), MTP(Wang et al.
2024a), MA3E(Li et al. 2024b), BillionFM (Cha, Seo, and
Lee 2023), OREOLE (Dias et al. 2024), and Selective-
MAE (Wang et al. 2025). As summarized in Table 1, the re-
sults clearly demonstrate the superiority of S5 across a wide
range of datasets.

Object Detection. We evaluate the detection performance
of the proposed method on two representative RS object de-
tection datasets: DIOR-R and DOTA-v2. As shown in Table
1, under the Oriented R-CNN (Xie et al. 2021) detection
framework, S5 consistently delivers superior performance
across various backbone scales. From ViT-B, ViT-L to the
larger ViT-H, S5 outperforms SOTA methods with compa-
rable parameter sizes, and even matches or surpasses larger
models while using fewer parameters. For example, with
the ViT-L backbone, S5 achieves better performance than
methods like MTP and SelectiveMAE, while requiring only
about half the number of parameters when handling multi-
ple datasets. These results demonstrate the strong scalability
and generalization ability of S5 in RS object detection tasks.



Params Det (M) Object Detection Params Seg (M) Semantic Segmentation
Method Backbone Single Multiple | DIOR-R  DOTA-v2 | Single Multiple | Vaihingen Potsdam LoveDA  OpenEarthMap
RVSA (Wang et al. 2022b) ViT-B + RVSA | 111.2 222.4 68.06 55.22 103.2 412.8 78.49 91.58 52.44 66.63
GFM (Mendieta et al. 2023) Swin-B 104.1 208.2 67.67 59.15 96.9 387.6 79.61 91.85 54.98 67.78
Scale-MAE (Reed et al. 2023) ViT-L 334.6 669.2 66.47 56.97 3274 1309.6 78.64 91.54 53.67 68.54
SAMRS (Wang et al. 2023) ViT-B + RVSA - - - - 103.2 412.8 78.73 91.69 53.04 67.37
SatMAE++ (Noman et al. 2024) ViT-L 334.6 669.2 66.82 55.60 327.4 1309.6 78.80 91.64 52.82 65.62
BillionFM (Cha, Seo, and Lee 2023) ViT-G 996.9 1993.9 73.62 58.69 990.9 - - 92.58 54.40 -
OREOLE (Dias et al. 2024) ViT-G 996.9 - 71.31 - 990.9 - - 92.20 54.00 -
MTP (Wang et al. 2024a) ViT-L + RVSA | 334.6 669.2 74.54 58.41 327.4 1309.6 80.62 92.47 54.16 69.04
MAGE (Li et al. 2024b) ViT-B 111.2 - 71.82 - 103.2 - - 91.50 - -
SelectiveMAE (Wang et al. 2025) ViT-L 334.6 669.2 71.75 57.84 3274 1309.6 80.45 92.78 5431 69.30
S5 ViT-B 111.2 138.3 72.95 57.20 103.2 160.4 79.85 92.40 54.02 68.65
S5 ViT-L 334.6 3718 75.21 59.71 3274 435.0 80.72 92.78 55.67 69.66
S5 ViT-H 671.7 730.0 75.30 59.89 663.4 8245 80.85 92.97 55.65 70.02

Table 1: Comparison with existing RSFMs across multiple RS benchmarks. The evaluation metric for object detection is mAP,
while for semantic segmentation it is mloU, except for Potsdam, which uses mF1. Params Det (M) and Params Seg (M) indicate
the number of parameters used for detection and segmentation models, respectively. Single and Multiple refer to the parameters

required for handling a single dataset and multiple datasets.

Semantic Segmentation. We further validate the gener-
alization capability of S5 on four challenging RS semantic
segmentation datasets: Vaihingen, Potsdam, LoveDA, and
OpenEarthMap. Built upon the UperNet (Xiao et al. 2018)
segmentation model, S5 brings consistent and significant
performance improvements across all benchmarks. With the
ViT-B backbone, S5 already outperforms methods such as
RVSA and SAMRS with similar parameter sizes. As the
backbone scales up to ViT-L and ViT-H, S5 continues to
set new SOTA results across multiple datasets. Moreover,
S5 demonstrates outstanding parameter efficiency in multi-
dataset settings.

For example, with the ViT-L backbone, it uses less
than one-third of the segmentation parameters compared to
Scale-MAE, SatMAE++, and SelectiveMAE, while deliver-
ing superior performance. This further highlights the scala-
bility and generalization strength of S5 in RS semantic seg-
mentation tasks.

Ablation Studies

In this section, we perform ablation studies to assess the ef-
fectiveness of each component in the S5 framework. Exper-
iments are conducted on two semantic segmentation bench-
marks (Vaihingen and LoveDA) and one object detection
benchmark (DIOR-R). As LoveDA’s test set requires online
evaluation, all results on this dataset are reported on the of-
ficial validation set.

Effectiveness of pre-training Dataset Curation As
shown in Table 2, we use the iSAID training set as the
labeled data and take the MAE pre-trained ViT-B from
the MillionAID dataset as our baseline. We then conduct
S4P experiments with three different unlabeled datasets. We
evaluate the generalization ability of S4P on three represen-
tative downstream benchmarks: semantic segmentation on
Vaihingen and LoveDA, and object detection on DIOR-R.
In addition, we assess performance on the iSAID validation
set under the conventional S4 setting to evaluate the quality
of pseudo-labels indirectly.
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We first use the curated SAMRS dataset as the unla-
beled data. The results show that introducing this large-scale
RS images into S4P significantly improves performance on
downstream segmentation and detection tasks. For example,
we observe mloU of 79.61 on Vaihingen, 53.66 on LoveDA
and mAP of 69.13 on DIOR-R, both clearly surpassing the
results obtained from MAE pre-training alone. This con-
firms that S4P serves as an effective complementary pre-
training strategy for enhancing the performance of RSFMs
on downstream tasks. Next, we randomly sample a subset
of 100k images from MillionAID, denoted as MillionAID-
random, to match the scale of SAMRS. Under this setting,
the model shows a slight performance drop across all down-
stream tasks, with a notable decrease on LoveDA from 53.66
to 53.20. This suggests that a randomly sampled unlabeled
set may suffer from data distribution mismatch and insuf-
ficient diversity, leading to lower pseudo-label quality and
thus limiting the effectiveness of training. Meanwhile, the
performance gain on the iSAID validation set is also less
pronounced compared to SAMRS, rising only from 65.93 to
66.32, which further supports this observation.

To improve the reliability of pseudo-labels and the di-
versity of the unlabeled data, we propose a data selection
strategy based on entropy filtering and diversity expansion,
resulting in a curated subset named MillionAID*. Experi-
mental results show that MillionAID* achieves the best per-
formance across all evaluation tasks: 67.66 on the iSAID
validation set, outperforming both SAMRS (67.59) and
MillionAID-random (66.32); and 79.77, 53.81, and 69.65
on Vaihingen, LoveDA, and DIOR-R, respectively. These
results clearly demonstrate that the proposed method ef-
fectively selects high-quality and diverse unlabeled images.
Compared with the existing SAMRS dataset, our method of-
fers better scalability, thereby further enhancing the general-
ization and transferability of S4P models.

Scalability of S4P We investigate the scalability of S4P
with respect to both the model size and the scale of unla-
beled data, as illustrated in Figure 4. Across all three down-
stream benchmarks, S4P consistently outperforms the MAE



.. S4 S4P (Pre-train — Finetune)
Labeled Data Unlabeled Data Images Pre-training Backbone {SAID (Val) Vaihingen LoveDA DIOR-R
- - - MAE ViT-B 65.93 78.27 52.47 68.02
SAMRS 100k MAE + S4P ViT-B 67.59 79.61 53.66 69.13
iSAID (Train) MillionAID-random 100k MAE + S4P ViT-B 66.32 79.49 53.20 69.02
MillionAID* 100k MAE + S4P ViT-B 67.66 79.77 53.81 69.65

Table 2: Comparison of S4P using different pre-training datasets.

Pre-training Backbone Fine-tuning | Params (M) | GFLOPs | Resolution | Vaihingen Potsdam OpenEarthMap LoveDA | Average
MAE ViT-B SDF 412.8 178.3 512 x 512 78.27 91.58 66.23 52.47 72.14
ViT-B SDF 412.8 79.93 92.24 67.35 54.51 73.51
ViT-B MDF 132.1 79.82 92.25 68.41 54.53 73.75
MAE + S4P | ViT-B-MoE (oo = 1/8) | MoE-MDF 146.2 178.3 512 x 512 79.76 92.30 68.52 54.62 73.80
ViT-B-MoE (« = 1/4) | MoE-MDF 160.4 79.85 92.40 68.80 54.57 74.15
ViT-B-MoE (o« = 1/2) | MoE-MDF 188.7 79.84 92.39 68.66 54.64 73.88

Table 3: Comparison of different fine-tuning strategies. SDF (single-dataset fine-tuning): an independent segmentation model
per dataset. MDF (multi-dataset fine-tuning): a shared backbone with dataset-specific decoders.

82 Vaihingen 57 LoveDA 75 DIOR-R
80 1 544 71 4
MAE MAE+S4P (100k) MAE+S4P (1M)
78 T T 51T T T 67 -1 T T
B L H B L H B L H

Figure 4: Fine-tuning results on three RS benchmarks with
varying pre-training dataset sizes and backbones. “100K”
and “IM” indicate the number of images used for S4P.

baseline, with performance further improving as model ca-
pacity or dataset scale increases. For instance, on the Vaihin-
gen dataset, upgrading the backbone from ViT-B to ViT-H
results in a significant performance boost for all pre-training
setups. More importantly, expanding the unlabeled set from
100k to 1M images using our selection strategy leads to fur-
ther improvements under each backbone. Similar trends are
observed on the LoveDA and DIOR-R benchmarks. These
results highlight two key scalability strengths of S4P: (1)
effective utilization of large-scale unlabeled data when care-
fully selected for quality and diversity; and (2) consistently
achieving higher performance with increasing model size.
This underscores S4P’s potential as a general and scalable
semi-supervised pre-training framework for RSFMs.

The Ratio of Shared and Specific Experts Based on the
results in Table 3, we evaluate various pre-training and fine-
tuning strategies across four RS segmentation benchmarks,
highlighting the advantages of MDF and the effect of the
shared-to-specific expert ratio («) in the MoE-FFN design.
The analysis is conducted using the average accuracy (Aver-
age) across the four datasets.

First, under the SDF paradigm, S4P effectively enhances
the MAE backbone, improving performance across all four
downstream tasks with the average accuracy rising from
72.14 to 73.51. Compared with SDF, MDF achieves con-
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sistently better results on all tasks, increasing the average
accuracy to 73.75 while reducing parameters by nearly four
times. This demonstrates that MDF enables the model to
learn more general and robust feature representations under
diverse data distributions. Finally, we introduce MoE-FFN
to expand model capacity and analyze the impact of the spe-
cific expert ratio («). As « increases from 1/8 to 1/4, the av-
erage accuracy steadily improves from 73.80 to 74.15 across
multiple datasets.

However, when « further increases to 1/2, performance
gains plateau or slightly decline, likely because a high pro-
portion of specific experts weakens the model’s generaliza-
tion across datasets and reduces its adaptability to diverse
data characteristics.

Balancing performance and parameter efficiency, we
choose a@ = 1/4 as the optimal specific expert ratio in the
MoE architecture. This setting delivers the best overall re-
sults across four benchmarks with only a slight increase in
model size, demonstrating the value of a balanced design
between shared and task-specific experts.

Conclusion

In this paper, we propose S5, a scalable semi-supervised
semantic segmentation framework designed to pre-train
RSFMs by leveraging vast unlabeled RS image data. S5
overcomes the limitations of prior S4 approaches con-
strained by small datasets and models, enabling large-scale
semi-supervised pre-training. We introduce RS4P-1M, a
million-scale curated dataset created via low-entropy fil-
tering and diversity expansion, which serves as a solid
basis for effective S4 pre-training of RSFMs with vary-
ing sizes. Additionally, S5 incorporates a MoE-MDF strat-
egy to efficiently adapt RSFMs across multiple RS bench-
marks with minimal parameter overhead. Extensive experi-
ments demonstrate that RSFMs pre-trained under S5 achieve
SOTA performance on diverse segmentation and detection
benchmarks, highlighting the promise of scalable semi-
supervised learning in advancing RS applications.
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