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Abstract

Self-Supervised Learning (SSL) has attracted increasing attention in remote sensing image
understanding because it can learn transferable representations from unlabeled images.
However, two issues remain insufficiently examined in collaborative SSL for remote sensing.
First, when high-ratio masking removes entire small objects or structurally informative
regions, the remaining visible patches may provide insufficient evidence for semantically
coherent reconstruction. Second, heterogeneous self-supervised objectives may exhibit
different loss scales, gradient magnitudes, and convergence behaviors such that fixed
coefficients can produce uneven branch contributions during training. To address these
issues, this paper proposes Context-Consistency Enhanced Collaborative Self-Supervised
Learning (C2DSSL) for remote sensing image understanding. C?DSSL introduces a teacher—
student context-consistency constraint, in which multi-scale reconstruction features from
the complete teacher observation serve as contextual targets for the student network when
reconstructing the corresponding masked observation. In addition, gradient-sensitive
dynamic weighting uses temporally smoothed loss-gradient magnitudes as empirical
signals to adjust the relative contributions of heterogeneous self-supervised objectives.
Under the evaluated settings, adding the context-consistency constraint improves KNN
representation evaluation, UCMerced classification, Potsdam semantic segmentation, and
DOTA oriented object detection, while maintaining the Baseline performance on the Million-
AID subset. Dynamic weighting shows task-dependent effects, including a performance
gain on the Million-AID subset classification task when combined with CCL.

Keywords: self-supervised learning; remote sensing image understanding; masked image
modeling; context consistency; dynamic weighting; collaborative representation learning

MSC: 68T45; 68T07; 68U10

1. Introduction

Remote sensing imagery provides spatially explicit observations of the Earth’s sur-
face and supports a wide range of geoscientific applications, including environmental
monitoring, land-cover mapping, agricultural assessment, urban analysis, and disaster
management [1-4]. Unlike conventional natural images, such imagery is acquired from
overhead platforms under diverse spatial resolutions, sensor characteristics, geographic
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regions, and environmental conditions. A single scene may contain heterogeneous land-
cover categories, densely distributed objects, repeated spatial patterns, arbitrary object
orientations, and substantial variations in object scale. Moreover, the semantic interpre-
tation of a local region often depends not only on its visual appearance but also on its
spatial relationships with the surrounding geographic structures. Geoscientific analysis
may additionally require the integration of multiple spatial variables and thematic lay-
ers to characterize a geographic region comprehensively [5]. These characteristics make
contextual and multi-scale spatial modeling particularly important for remote sensing
image understanding.

Deep learning has achieved considerable progress in scene classification [6], object
detection [7], semantic segmentation [8], and change detection [9]. However, its perfor-
mance commonly depends on sufficiently large and accurately annotated datasets. Produc-
ing scene labels, pixel-level segmentation masks, and oriented bounding boxes is costly
and often requires specialized domain knowledge. Meanwhile, satellite, airborne, and
unmanned-aerial-vehicle platforms continuously produce large quantities of imagery with-
out task-specific annotations. Self-supervised representation learning therefore provides
a promising strategy for exploiting these unlabeled data and reducing annotation depen-
dence, particularly when only limited labeled samples are available [10]. Consequently,
learning robust and transferable representations from unlabeled geospatial imagery re-
mains an important problem in remote sensing image understanding.

Self-Supervised Learning (SSL) learns transferable visual representations by con-
structing supervisory signals from unlabeled data [11,12]. Among existing paradigms,
contrastive and self-distillation methods primarily learn view-invariant semantic rep-
resentations, whereas Masked Image Modeling (MIM) learns spatial dependencies by
reconstructing partially removed image content. Contrastive methods distinguish or align
representations across augmented views [13-17]. In remote sensing, temporal observa-
tions, geographic correspondence, and multi-sensor data can provide useful signals for
constructing semantically related views [18-20]. These objectives are effective for learning
globally discriminative scene representations. However, they primarily optimize image- or
view-level agreement and do not explicitly supervise the recovery of object boundaries,
fine-grained textures, or spatially localized structures. Moreover, two augmented views
of a heterogeneous remote sensing scene may preserve similar global semantics while
containing different local regions, which may limit the direct transfer of purely global
alignment objectives to dense prediction tasks. In comparison, MIM provides stronger
supervision for local structure and spatial dependency modeling through masked recon-
struction. Therefore, contrastive learning and MIM offer complementary learning signals:
the former emphasizes global semantic invariance, whereas the latter emphasizes local
structural recovery.

In contrast, MIM learns visual representations by reconstructing masked pixels or vi-
sual tokens from the remaining visible regions [21-23]. This objective encourages the model
to capture local textures, spatial dependencies, and fine-grained structural information.
Accordingly, recent remote sensing MIM methods have incorporated temporal, multi-scale,
cross-view, and contextual information into masked representation learning [24-27]. Rather
than assuming that random masking necessarily causes contextual information loss, we
identify a conditional limitation: when a high masking ratio removes an entire small object
or a structurally informative region from a heterogeneous scene, the remaining visible
patches may provide insufficient evidence for semantically coherent recovery. Moreover,
minimizing a pixel- or token-level reconstruction error does not explicitly require the
recovered region to remain semantically compatible with the complete scene. Although
context-enhanced MIM has introduced reconstructive templates and context-consistency
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constraints to address this problem [27], how multi-scale contextual reconstruction can
be coordinated with global and local self-supervised objectives within a unified teacher—
student framework remains insufficiently examined. This constitutes the first research gap
addressed in this work.

A second research gap concerns the optimization of heterogeneous objectives in col-
laborative SSL. Reconstruction, global contrastive learning, and local semantic alignment
impose different constraints on the shared representation and may exhibit different numeri-
cal scales, gradient magnitudes, and convergence behaviors. Studies in multi-task learning
have shown that fixed loss coefficients can produce uneven contributions from different
objectives and have proposed uncertainty-, gradient-, or training-rate-based weighting
strategies [28-30]. However, these findings do not imply that adaptive weighting will
universally improve collaborative self-supervised learning. In particular, the interaction
between context-consistent reconstruction and gradient-sensitive loss allocation has re-
ceived limited analysis in remote sensing SSL. Therefore, this work investigates whether
smoothed branch-level gradient information can serve as a practical proxy for adjusting the
contributions of heterogeneous self-supervised objectives, while treating its effectiveness
as an empirical question rather than an assumed advantage.

To address the above research gaps, this paper proposes Context-Consistency En-
hanced Collaborative Self-Supervised Learning (C?DSSL) for remote sensing image un-
derstanding. Unlike collaborative SSL approaches that mainly combine reconstruction
and representation-alignment objectives as parallel training signals, C?DSSL establishes
an explicit reconstruction-level context-transfer pathway between the complete teacher
observation and the corresponding masked student observation.

Specifically, the teacher network processes the complete image view and generates
multi-scale reconstruction features that serve as contextual targets for the student network.
The student network processes the masked view and reconstructs the missing regions from
the remaining visible patches. A context-consistency constraint aligns the corresponding
teacher and student reconstruction features, encouraging the masked reconstruction to
remain compatible with the contextual structure of the complete scene. This design is
intended to reduce the risk of semantic degradation when the visible patches provide
insufficient evidence for reconstructing small or structurally informative regions. Global
contrastive learning and local semantic alighment are incorporated as complementary
representation-learning objectives, while gradient-sensitive dynamic weighting is investi-
gated as an auxiliary strategy for adjusting their relative contributions during training.

Furthermore, C>DSSL introduces a gradient-sensitive dynamic weighting mechanism
for collaborative self-supervised optimization. Instead of maintaining fixed coefficients
throughout training, the proposed strategy adjusts the contribution of each branch accord-
ing to its temporally smoothed loss-gradient magnitude. In this work, the gradient mag-
nitude is treated as a practical proxy for branch-level optimization pressure rather than a
direct measure of optimization difficulty. Under the proposed weighting heuristic, branches
with larger persistent gradient magnitudes receive larger normalized weights, whereas
branches with smaller magnitudes receive lower weights. Because gradient magnitude
may also be affected by loss scale, parameterization, and gradient noise, the effectiveness
of this mechanism is evaluated empirically rather than assumed to be universal.

Taken together, C2DSSL combines complete-view contextual supervision with masked
reconstruction and introduces adaptive loss allocation for heterogeneous self-supervised
objectives. The framework is evaluated under controlled ablation settings to examine the
individual and combined effects of context consistency and dynamic weighting on remote
sensing representation learning.

The main contributions of this paper are summarized as follows:
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1.  We formulate contextual semantic compatibility as a complementary objective to pixel-
or token-level masked reconstruction. This formulation distinguishes accurate local
reconstruction from maintaining semantic consistency between a masked observation
and its corresponding complete scene.

2. We propose C?DSSL, which establishes an explicit reconstruction-level context-
transfer pathway from the complete teacher observation to the masked student
observation. Multi-scale teacher features provide contextual targets for student re-
construction, while global contrastive learning and local semantic alignment supply
complementary representation-learning signals.

3. Weinvestigate temporally smoothed gradient magnitude as an empirical proxy for
adjusting the relative contributions of heterogeneous self-supervised objectives. Con-
trolled evaluations across classification, semantic segmentation, and oriented object
detection show that context consistency is associated with performance gains across
the evaluated tasks, whereas the effect of dynamic weighting is task-dependent.

2. Related Work

This section reviews the studies closely related to this work, including self-supervised
learning in remote sensing, contrastive learning, masked image modeling, and collaborative
optimization with dynamic weight learning. By analyzing the advantages and limitations
of existing methods, we further clarify the necessity of the proposed C>DSSL framework in
context-consistent modeling and dynamic multi-branch collaborative optimization.

2.1. Self-Supervised Learning in Remote Sensing

Self-Supervised Learning (SSL) aims to learn generalizable visual representations
from large-scale unlabeled data by designing pretext tasks without requiring manual
annotations [11,12]. With the rapid growth of Earth observation data, SSL has attracted
increasing attention in remote sensing research. Compared with traditional supervised
learning, SSL can effectively reduce the dependence on annotated samples, making it
particularly suitable for remote sensing interpretation scenarios where data annotation is
expensive and requires professional expertise. Currently, SSL has been widely applied to
downstream remote sensing tasks, including scene classification, semantic segmentation,
object detection, and change detection [20,31-33].

Remote sensing SSL has progressively developed from domain-aware contrastive
learning to transformer-based self-supervised pretraining and large-scale foundation mod-
els. Seasonal, change-aware, and geography-aware SSL methods exploit temporal observa-
tions, geographic correspondence, and geolocation information to construct semantically
related samples, thereby improving robustness to temporal, seasonal, and geographic
variations [18,19,34,35]. Vision Transformer-based approaches have also been explored
for patch-based and multimodal remote sensing representation learning. For example,
joint SAR-optical pretraining combines complementary information from the two sensing
modalities [36]. Beyond remote-sensing-specific methods, DINOv2 demonstrates that
large-scale self-distillation with Vision Transformers can produce general-purpose visual
representations, although it is not specifically designed to model the temporal, spectral,
and spatial-resolution characteristics of remote sensing imagery [37].

Recent remote-sensing-specific methods incorporate different forms of domain knowl-
edge. SatMAE introduces temporal and multispectral information into masked autoen-
coding, Scale-MAE explicitly models variations in spatial resolution and ground scale,
and RingMo adapts large-scale masked pretraining to scenes containing dense and
small objects [24,25,38]. Spectral GPT focuses on spatial-spectral representation learn-
ing, while geospatial foundation models explore continual pretraining on domain-specific
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imagery [39,40]. In addition, RS’Lip combines self-supervised learning with part-level
vision-language consistency to improve class and domain generalization in remote sensing
classification [41]. These studies demonstrate the importance of geographic, temporal,
spectral, scale-aware, and semantic information in remote sensing representation learning.
However, they mainly emphasize view-level representation alignment, domain-specific
masked prediction, vision-language consistency, or large-scale pretraining. Relatively lim-
ited attention has been paid to transferring reconstruction-oriented contextual information
from a complete teacher observation to the corresponding masked student observation
while coordinating global, local, and reconstruction objectives within a unified framework.
This distinction defines the specific focus of C2DSSL.

2.2. Contrastive Learning

Contrastive Learning (CL) is one of the most important paradigms in SSL. Its core idea
is to pull representations of similar samples closer in the feature space while pushing repre-
sentations of dissimilar samples apart. Representative methods include SimCLR, MoCo,
BYOL, and DINO. SimCLR constructs different views of the same image through strong
data augmentation and learns image representations using a contrastive loss [13]. MoCo
improves the stability and efficiency of contrastive learning by introducing a momentum
encoder and a dynamic queue to maintain a large number of negative samples [14,15].
BYOL and DINO further reduce the dependence on negative samples through asymmetric
architectures or self-distillation mechanisms, leading to stronger self-supervised repre-
sentations [16,17]. SimSiam and Barlow Twins also explore alternative approaches to
prevent representation collapse without negative samples [42,43]. SwWAV introduces online
clustering to contrastive learning [44].

In the field of remote sensing, CL has strong applicability. Remote sensing data often
contain multi-temporal, multi-sensor, and geospatial attributes, which provide natural
conditions for constructing positive pairs. For instance, images of the same geographic
region acquired at different times or by different sensors can be regarded as semantically
related samples [18,34]. This enables the model to learn representations that are robust
to seasonal changes, viewing conditions, and sensor variations [19,20]. Therefore, CL has
achieved promising performance in remote sensing scene classification, image retrieval,
and large-scale land-cover recognition [45,46].

Nevertheless, CL still has several limitations. First, these methods usually focus on
global feature alignment at the image or instance level, while their perception of pixel-level
details and local spatial structures is relatively weak. For dense prediction tasks such
as object detection and semantic segmentation, the model needs not only to understand
global image semantics but also to accurately capture object boundaries, texture details,
and local spatial relationships. Second, remote sensing images usually contain multiple
land-cover objects, and different augmented views may lead to local semantic inconsistency,
introducing noise into positive-pair construction. These problems limit the performance of
purely contrastive methods in complex remote sensing image understanding.

2.3. Masked Image Modeling

Masked Image Modeling (MIM) borrows the idea of masked prediction from natural
language processing [47]. It randomly masks part of the input image and requires the
model to reconstruct the missing content from visible regions, thereby learning local
dependencies and spatial structures within images. Representative methods include BEiT,
MAE, and SimMIM. BEiT discretizes image patches into visual tokens and predicts the
corresponding token IDs of masked patches [23]. MAE adopts an asymmetric encoder—
decoder architecture, where only visible patches are encoded and a lightweight decoder
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reconstructs the full image [21]. SimMIM further simplifies the reconstruction process by
directly predicting the raw pixel values of masked patches with a lightweight prediction
head [22].

MIM is particularly relevant to remote sensing because reconstruction-based objectives
encourage the modeling of local textures, spatial dependencies, and object structures. Re-
cent studies have extended masked pretraining beyond standard RGB patch reconstruction
by incorporating domain-specific information. SatMAE integrates temporal and multispec-
tral structures into the masking and encoding processes, whereas Scale-MAE introduces
scale-aware representations to account for variations in spatial resolution and ground
sample distance [24,25]. SatMAE++ further investigates transformer pretraining for multi-
spectral satellite imagery, and Spectral GPT focuses on learning spatial-spectral foundation
representations [39,48]. RingMo employs large-scale masked pretraining for complex scenes
containing dense and small objects, while GFM explores continual domain-specific pretrain-
ing for geospatial foundation models [38,40]. Cross-view and context-enhanced methods
additionally introduce complementary observations or reconstruction-level contextual con-
straints into masked representation learning [26,27]. Collectively, these approaches improve
temporal, spectral, scale-aware, and contextual modeling, although their learning targets,
input modalities, and pretraining scales differ substantially. C>2DSSL instead focuses on
reconstruction-level contextual transfer from a complete teacher observation to a masked
student observation within a collaborative multi-objective framework.

Although MIM is effective for local structure modeling, random masking may present
a conditional limitation in heterogeneous remote sensing scenes. When a high masking
ratio removes an entire small object or a structurally informative region, the remaining
visible patches may provide insufficient evidence for semantically coherent reconstruction.
Context-enhanced MIM methods have therefore introduced complete-view reconstruc-
tion templates and contextual-consistency constraints [27]. These studies suggest that
pixel-level reconstruction does not explicitly enforce semantic compatibility between the
recovered regions and the complete scene, motivating the incorporation of complementary
contextual supervision.

2.4. Collaborative Optimization and Dynamic Weight Learning

With the development of SSL, an increasing number of methods have attempted to
combine multiple pretext tasks or learning branches to enhance both global discriminability
and local perceptual ability [49,50]. For example, in teacher-student frameworks, the
teacher network can provide stable supervision signals based on complete images or
augmented views, while the student network learns robust representations through masked
inputs, contrastive constraints, or reconstruction tasks [17]. Such collaborative learning
frameworks can exploit the complementary information among different tasks, but they
also introduce new optimization challenges.

In multi-branch or multi-task learning, different loss terms usually have different numer-
ical scales, gradient magnitudes, and convergence speeds. Simply adding multiple loss terms
with fixed weights may cause some tasks to dominate the training process while others are
insufficiently optimized, thereby degrading the overall model performance [51,52]. Traditional
methods often rely on manually assigned loss weights, but this strategy requires extensive
hyperparameter tuning and is difficult to adapt to the dynamic training status of different
tasks. Therefore, automatically adjusting the weights of different tasks or branches during
training is an important problem in collaborative learning.

Several adaptive weight allocation methods have been proposed in multi-task learning.
For example, uncertainty-based weighting methods adjust the importance of different loss
terms by modeling task uncertainty [30]; dynamic weight average methods assign weights
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according to the descending rates of task losses [53]; gradient-based adaptive weighting
methods explore this problem from the perspective of loss gradients [28]. These methods
use loss trends or gradient statistics as empirical signals for adapting task weights. However,
gradient magnitude is not a direct measure of optimization difficulty because it may also
depend on loss scale, parameterization, and stochastic gradient noise. Gradient-based
weighting should therefore be regarded as an optimization heuristic whose effectiveness
requires empirical evaluation. GradNorm normalizes the gradients of different tasks to
regularize multi-task training [29].

For the proposed collaborative SSL framework, adaptive loss allocation is worth inves-
tigating because context consistency, masked reconstruction, and representation-alignment
objectives may exhibit different numerical scales and optimization behaviors. Fixed coeffi-
cients may produce uneven contributions from these objectives during particular training
stages, although adaptive weighting does not necessarily eliminate gradient conflicts.
Therefore, this paper introduces a gradient-sensitive weighting mechanism to examine
whether temporally smoothed loss-gradient information can improve the coordination
among local reconstruction, context consistency, and global representation learning. Its
effectiveness is evaluated through controlled ablation analysis rather than assumed to
guarantee balanced optimization.

3. Materials and Methods
3.1. Quverview

This section describes the proposed Context-Consistency Enhanced Collaborative Self-
Supervised Learning framework, termed C2DSSL, for remote sensing image understanding.
As shown in Figure 1, the proposed framework consists of a multi-view data pipeline,
a teacher-student architecture, four self-supervised objectives—masked reconstruction,
context consistency, global contrastive learning, and local semantic alignment—and a
gradient-sensitive dynamic weighting module. These components are used to investi-
gate complementary reconstruction and representation-learning signals and their joint
optimization within a unified framework.

Input Remote Sensing Image Multi-Objective Losses Gradient-Sensitive

View

Teacher Network MIM Reconstruction Loss Dynamic Weighting
Projection | Global Feature
Teacher Encoder Feature Pyramid 3 - ; ——+  LossSet
- Heads 1
S Local Feature ~ =
— —> | @7
7 EE EE | e
= Estimation Module
. | Feature Tok Context Consistency Loss
o ‘ontextual Feature Tokens Teacher Student L
Complete MIMDecoder T YR NEFIR E0E ©OOD oradent
Teacher Complete-View Contextual Targets — = — Magnitudes
a rgets.
View D EEE-— D
" ,
'EMA HNE EEN
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=y Stadent Network Global Contrastive Loss
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>

Position-Aware Semantic Alignment

Figure 1. Overview of the proposed C2DSSL framework. The data augmentation module constructs
a complete teacher view, a masked student view, and an unmasked contrastive view from the same
source image. The unmasked contrastive view is encoded by the EMA teacher network and provides
the target representation for image-level global contrastive learning.

Given an input remote sensing image, the data augmentation module generates three
views for collaborative self-supervised learning: a complete teacher view, a corresponding
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masked student view, and an unmasked contrastive view. The complete teacher view
and the unmasked contrastive view are generated from the same source image through
standard random augmentation pipelines, including random cropping and color jitter,
whereas block-wise masking is applied only to the student view. The complete teacher view
provides contextual supervision for reconstruction-level consistency and local semantic
alignment, while the unmasked contrastive view is used as the teacher-side target for
image-level contrastive learning. The teacher network processes both complete views and
is updated by the exponential moving average (EMA) of the student network without
direct backpropagation.

The student branch is optimized by multiple complementary objectives. The masked
reconstruction branch encourages the student network to recover masked patches and
learn fine-grained local structures. The context consistency branch aligns the student
reconstruction features with the complete-view contextual features generated by the teacher
network and is intended to reduce the risk of semantic degradation when the visible
patches provide insufficient reconstruction evidence. The global contrastive learning branch
enhances image-level semantic separability, while the local semantic alignment branch
enforces spatial correspondence between teacher and student features. Finally, the gradient-
sensitive dynamic weighting module uses the gradient magnitude as a practical proxy for
branch-level optimization pressure, smooths temporal fluctuations with EMA, normalizes
the resulting weights across objectives, and generates an adaptive multi-objective training
loss for analyzing the effect of dynamic weighting.

3.2. Teacher—Student Self-Supervised Distillation

RHXWXC

Given an input remote sensing image x € , it is first divided into a sequence

of non-overlapping patches:

X = {Xi}il\il, X; € RPXPXC, (1)

where H, W, and C denote the height, width, and number of channels of the image,
respectively. P denotes the patch size, and N = HW/P? is the number of image patches.

To ensure valid patch-level correspondence between the teacher and student branches,
the teacher view and the student view share the same geometric transformation, while
different photometric augmentations can be applied. The complete teacher view is
defined as:

X' =Ti(X), )

where 7;(-) denotes the complete augmented view for the teacher branch. A binary mask
M € {0,1}N is generated for the student branch, where M; = 1 indicates that the i-th patch
is masked, and M; = 0 indicates that the patch remains visible. The masked student view
is formulated as:

X = (1_M) ®7;(X> + MO Xmasks 3)

where 7;(-) denotes the student view aligned with the teacher view, X5k denotes the
mask token or masked-patch replacement, and © denotes element-wise multiplication.
For global contrastive learning, an additional unmasked contrastive view is generated
from the same source image:
X =Te(X), (4)

where 7;(-) denotes the standard random augmentation pipeline used for the contrastive
branch, including random cropping and color jitter. Unlike the student view X®, no patch
mask is applied to X°. The two teacher-side views have different roles: X' provides
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complete-view contextual targets for context consistency and local semantic alignment,
whereas X provides the target representation for image-level contrastive learning.

The student and teacher encoders are denoted as Es(-) and E;(-), respectively.
The masked student view, complete teacher view, and unmasked contrastive view are
encoded as:

{E}o = Es(XY),
{FYhy = Ei(xY), ©)
{Fodm = B(XO),

where | denotes the feature level. Both complete views are encoded by the EMA teacher
branch. The hierarchical features derived from X' are used for reconstruction-level contex-
tual supervision and local alignment, while those derived from X¢ provide the teacher-side
target for the global contrastive objective. To integrate multi-scale semantic information,
feature pyramid modules aggregate the hierarchical representations:

Ps = TS({FSI}ZL:1)/
P =Y ({F}[-), (6)
P =Y ({F} ),

where ¥(-) and ¥;(-) denote the feature pyramid modules of the student and teacher
branches, respectively. The resulting features are further fed into reconstruction decoders
and projection heads for different self-supervised objectives.

The teacher parameters are updated by EMA:

0; + m9t+(1—m)95, (7)

where 6; and 0; denote the parameters of the student and teacher encoders, respectively,
and m is the momentum coefficient. The stop-gradient operation is applied to the teacher
branch so that it provides stable supervision without being directly updated by the
student losses.

3.3. Masked Reconstruction Branch

The masked reconstruction branch aims to learn local textures, spatial structures, and
object boundaries by recovering masked image regions. Remote sensing images usually
contain complex land-cover patterns, dense small objects, and large homogeneous areas.
Therefore, reconstructing masked regions from incomplete observations encourages the
student network to capture both local structural details and spatial dependencies.

In this work, block-wise random masking is adopted to construct the masked student
view. The set of masked patches is defined as:

Q={i| M; =1}, (®)

where M; = 1 indicates that the i-th patch is masked. The student reconstruction decoder
Ds(+) reconstructs the masked patches from the student feature pyramid:

X® = Ds(D). 9)

The reconstruction objective consists of a focal L1 loss and a frequency-domain
FFT loss:
Lmim = Liocal-L1 + AseeLsits (10)
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where A controls the contribution of the FFT loss. For clarity, the reconstruction error of
the i-th masked patch is first defined as:

e = ||£] — xill;- (11)

Then, the focal L1 loss is formulated as:
1 Ve
['focal—Ll = 6 2 (“f + e; )eir (12)
‘ | ieQ)

where a¢ and < are focal reconstruction parameters. Compared with the standard L1
loss, this formulation assigns larger weights to patches with higher reconstruction errors,
allowing the model to pay more attention to difficult masked regions.

The FFT loss constrains the frequency-domain consistency between the reconstructed
patches and the original patches:

1

£fft = |Q‘

LIFE) = Fxlly, (13)
i€Q)

where F(-) denotes the Fourier transform. This reconstruction objective encourages the
student network to recover both spatial-domain structures and frequency-domain details
from masked remote sensing images.

3.4. Context Consistency Branch

Although masked reconstruction supports local structure modeling, a heavily masked
input may provide insufficient contextual evidence when complete small objects or
structurally informative regions are removed. In such cases, reconstruction based only
on the remaining visible patches may not remain semantically compatible with the
complete scene.

To examine this issue, C2DSSL introduces a context consistency branch into the masked
reconstruction process. The teacher network receives a complete augmented view and
therefore preserves complete-view contextual information that can serve as a reconstruction
target for the masked student branch. A teacher reconstruction decoder D;(-) generates
context-aware reconstruction templates:

X' = Dy(Py). (14)

The teacher reconstruction output is used as a contextual template to guide the student
reconstruction. For the multi-scale implementation, the student and teacher decoders
generate stage-specific reconstruction outputs, denoted as {X*"'}R | and {X'a"}R |
respectively. To provide multi-scale contextual supervision, the context consistency loss is
computed across multiple feature stages:

1& 1
Log=—=
ccl R};|Qr|

fstu,r _ ~tea,r 2 15
i Sg(xi ) ’ ( )

2

L

i€Q),

where R denotes the number of feature stages used for multi-scale context consistency, and
R = 4 is used in this work. (), denotes the masked patch set at the r-th feature stage, and
sg(-) denotes the stop-gradient operation. Different from the basic reconstruction loss, L
does not only force the student output to approach raw pixels. Instead, it encourages the
student reconstruction to remain consistent with the teacher-provided contextual templates
at different semantic levels, thereby improving semantic coherence between local masked
regions and global scene structures.
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3.5. Global Contrastive Learning Branch

The global contrastive learning branch operates on the masked student view X* and
the unmasked contrastive view X° generated from the same source image. Their feature
pyramids are globally pooled and mapped into a dedicated contrastive embedding space:

Zs = qg(GAP(PS)), Ze = qg(GAP(Pc)), (16)

where () denotes the global projection head, and GAP(-) denotes global average pooling.
Because X® and X° originate from the same source image, z; and z, form an image-level
positive pair. The teacher-encoded representation z. is used as a stop-gradient target,
while teacher representations from other images are maintained as negative samples in the
dynamic queue Q. The global contrastive loss is defined as:

exp(sim(zs,sg(zc))/T)
D 7
D = exp(sim(zs,sg(zc))/T) 17)
+ ) exp(sim(zs,z4) /7).

z5€Q

Lo = —log

where sim(-, -) denotes cosine similarity, T is the temperature parameter, and z; denotes a
teacher representation from another image stored in the queue. This objective aligns two
differently processed observations of the same source image at the global representation
level and provides a complementary image-level learning signal to the reconstruction and
local alignment objectives.

3.6. Local Semantic Alignment Branch

Remote sensing interpretation tasks such as object detection and semantic segmenta-
tion require not only image-level discrimination but also local spatial perception. Therefore,
C2DSSL introduces a local semantic alignment branch to enforce fine-grained consistency
between spatially corresponding teacher and student features.

For each spatial position p in the aligned feature maps, local projection heads are used
to obtain local semantic representations:

ul = q,(PD), ul =q(P), (18)

where g () denotes the local projection head, and P! and P} denote the student and teacher
features at spatial position p, respectively. To model local semantic distributions, a set of K
semantic prototypes C = {c;}X_, is introduced. The teacher and student local distributions
are computed as:

Pk — exp(sim(ul, cr) /) , 19
pi (k) Z]K:l exp(sim(uf,cj)/rt) (19)
pf(k) _ exp(sim(uf, )/ Ts) 20)

- 2};1 exp(sim(uf, ¢i)/Ts) ’

where 7; and 7; denote the temperature parameters of the teacher and student branches,
respectively. The student temperature T; is fixed at 0.1 throughout pretraining. The teacher
temperature 7; is linearly increased from 0.04 to 0.07 during the first 10 epochs and is
then maintained at 0.07 for the remaining epochs. The lower initial teacher temperature
produces a sharper semantic target distribution, while the gradual increase progressively
softens the teacher targets and avoids an abrupt change in their distribution during the
early training stage. The local semantic alignment loss is then defined as:
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K
Lig = —|713| Y ) sg(pf (k) log pl (K), (21)
peP k=1
where P denotes the set of spatially aligned positions. Since the teacher and student views
share the same geometric transformation, this branch can perform position-wise semantic
matching between corresponding local regions. In this way, the model can learn local
semantic consistency while preserving spatial correspondence.

3.7. Gradient-Sensitive Dynamic Weighting

In collaborative self-supervised learning, different loss branches may exhibit different
numerical scales, convergence behaviors, and gradient magnitudes. When multiple losses
are combined using fixed manually assigned coefficients, their relative contributions to the
shared representation may vary substantially during training. To investigate whether these
changing contributions can be adjusted adaptively, C?DSSL introduces a gradient-sensitive
dynamic weighting mechanism.

Let the set of self-supervised losses be:

S = {‘Cmim/ Eccl/ Egcl/ [’lcl}' (22)

For the k-th loss branch, the gradient magnitude is computed with respect to the
corresponding branch-related parameters:

S0 = et

S (23)
where t denotes the training iteration. In this work, glgt) is used as a practical proxy for the
instantaneous optimization pressure generated by the k-th objective. A persistently large
gradient magnitude suggests that the objective continues to exert a strong influence on its
associated parameters, which motivates assigning it a larger weight under the proposed
heuristic. Conversely, an objective with a smaller smoothed gradient magnitude receives
a lower weight. It should be noted that gradient magnitude is not a direct measure of
optimization difficulty, because it may also be affected by the numerical scale of the loss,
parameterization, and stochastic gradient noise. The proposed relationship is therefore
treated as an empirical weighting heuristic and is evaluated through the subsequent
ablation experiments.

To reduce unstable fluctuations caused by a single iteration, an exponential moving
average is used to smooth the gradient magnitude:

g =pg V-0, (24)

where p is the smoothing coefficient and is set to 0.95 in all experiments. A larger p retains a
longer history of gradient observations and produces smoother but less responsive weight
updates, whereas a smaller p responds more rapidly to current gradients but is more
sensitive to iteration-level noise. With p = 0.95, each update retains 95% of the historical
estimate and incorporates 5% of the current observation. This value is selected as an
empirical compromise that suppresses short-term fluctuations while preserving sufficient
responsiveness during the 30-epoch pretraining schedule. It should not be interpreted as
universally optimal, because the preferred degree of smoothing may vary with the training
duration, objective combination, and gradient statistics. The dynamic weight of the k-th
branch is then calculated as:
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t + €
o) = B S (25)
Zj:ofs ( i +€)

where K}, is the number of loss branches, and € is a stabilization constant set to 108 in
all experiments. It provides a small numerical floor and prevents the denominator from
becoming zero when the smoothed gradient magnitudes are extremely small. When g,(f)
is substantially larger than €, changing € within a similarly small range has a negligible
influence on the relative weights. In contrast, an excessively large € would reduce the
differences among the normalized weights and move them toward a uniform distribution,
thereby weakening the responsiveness of dynamic weighting. The value 1078 is therefore
selected to provide numerical protection while remaining sufficiently small to avoid mate-
rially altering the normalized weights under ordinary nonzero-gradient conditions. The
weights form a convex combination:

Y wl =1, (26)

During implementation, the dynamic weights are detached from the computational
graph to avoid second-order gradient computation.

3.8. Overall Objective

The dynamically weighted training objective of C?°DSSL is formulated as a combination
of the self-supervised branches:

‘CCZDSSL = wmimﬁmim + wccl‘cccl + wgclﬁgd + wlclﬁlcl- (27)

This objective jointly considers masked reconstruction, context consistency, global
semantic discrimination, local semantic alignment, and adaptive multi-objective optimiza-
tion, and it is mainly used to analyze the effect of dynamic weighting when combined with
context consistency.

For ablation analysis, four configurations are considered. The baseline objective
without DW and CCL is defined as:

EA = “‘Cmim + ﬁﬁgcl + 'Y‘Clclr (28)

where «, B, and vy are fixed balancing coefficients.
When only the gradient-sensitive dynamic weighting mechanism is introduced, the
objective is formulated as:

L B — Z Wy L k- (29)
ke {mim,gcllcl}

When only the context-consistency constraint is introduced, the objective is formulated as:
Lc = aLmim + ,B‘Cgcl + 7L + AcaLeas (30)

where A controls the contribution of the context consistency loss.
When both DW and CCL are introduced, the complete objective is formulated as:

Lp = ) wi L. 31)

ke{mim,ccl,gcl lcl}
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Here, £ 4 denotes the baseline objective, Lp introduces only the gradient-sensitive
dynamic weighting mechanism, L¢ introduces only the context-consistency constraint,
and Lp denotes the DW+CCL variant. In the following ablation analysis, L¢ is re-
tained as a strong context-consistency variant, while £p is used to examine whether
dynamic weighting can further improve the context-consistency framework across different
downstream tasks.

4. Results and Discussion
4.1. Experimental Settings

This section presents the experimental settings, quantitative results, and discussion of
the proposed C2DSSL framework. The datasets used in this section include UCMerced [54],
Million-AID [55], ISPRS Potsdam, and DOTA v1.0 [56]. UCMerced is used as a compact
unlabeled pretraining corpus to evaluate C?’DSSL under a controlled limited-data setting.
During self-supervised pretraining, category labels are strictly excluded and are introduced
only during downstream fine-tuning and evaluation. The purpose of this protocol is
not to simulate large-scale foundation-model pretraining but to examine whether the
proposed contextual supervision and objective-coordination strategies can learn useful
representations when unlabeled pretraining data are limited.

The downstream evaluations contain both in-domain and cross-dataset settings.
UCMerced KNN evaluation and classification fine-tuning provide controlled in-domain
analyses, whereas the Million-AID subset, Potsdam, and DOTA evaluate transfer to differ-
ent image distributions and task structures. In particular, the sampled Million-AID subset
contains 20,000 images from 51 fine-grained categories and is used to examine adaptation
to a more category-diverse classification setting. Therefore, the current experiments primar-
ily evaluate data-efficient representation learning and cross-dataset transferability under
constrained pretraining data, rather than large-scale pretraining scalability.

For Million-AID, this paper does not use the full dataset. Considering device limita-
tions, computational cost, and experimental consistency, 20,000 images are sampled from
51 fine-grained categories to construct a Million-AID subset for supervised fine-tuning and
transfer analysis. This subset is used to evaluate whether the learned representations can
adapt to a larger and more fine-grained remote sensing scene distribution. ISPRS Potsdam
is used for semantic segmentation, and DOTA v1.0 is used for oriented object detection.
All internal configurations are trained and evaluated under the same experimental pro-
tocol and fixed random seed to maintain consistency across the controlled comparisons.
Since repeated runs were not conducted, the reported results do not provide estimates of
run-to-run variance.

For downstream evaluation, the self-supervised pretrained ResNet-50 backbone is
used as initialization, while the task-specific classification, segmentation, and detection
heads are randomly initialized. For UCMerced and the Million-AID subset, image classifi-
cation is performed under the same fine-tuning protocol for all configurations. For ISPRS
Potsdam semantic segmentation, the pretrained backbone is transferred to a segmentation
framework, and the mean Intersection over Union (mloU) is adopted as the evaluation
metric. For DOTA v1.0 oriented object detection, the pretrained backbone is transferred to
an oriented object detection framework, and the mean Average Precision (mAP) is used
for evaluation. All downstream experiments use identical training settings across Configs
A-D to ensure fair comparison. The experiments were implemented in Python 3.9 using
the PyTorch 1.12.0 deep learning framework with CUDA 11.3 acceleration.

The key hyperparameter settings for self-supervised pretraining and multi-objective
losses are summarized in Table 1.
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Table 1. Key hyperparameter settings for self-supervised pretraining and multi-objective losses.

Parameter Category Parameter Name Value
Self-supervised Pretraining
Backbone Network architecture ResNet-50

Pretraining dataset

Dataset usage

UCMerced, all images used without
labels

Input size Image resolution 224 x 224
Mask setting Patch size/mask ratio 32 x 32/60%
Training schedule Epochs/batch size 30/64
Optimizer Optimizer/weight decay AdamW /0.02
Learning rate Initial LR /scheduler 1 x 1073/ cosine annealing
Warmup Epochs/minimum LR 5/1 x 10°
EMA teacher Momentum schedule 0.996 — 1.0
Random seed Seed 322
Multi-objective Losses

Global contrastive loss Temperature/queue size 0.2/4,096
Local semantic alignment Spatial matches 20

Local semantic alignment

Reconstruction loss
Focal L1 loss

FFT loss

Context consistency loss
Dynamic weighting
Fixed loss coefficients

Student/teacher temperature

Loss type

g/ s

At

At/ multi-scale

p/e
MIM/GCL/LCL/CCL

0.1 (fixed)/0.04 — 0.07 (linear
warm-up, 10 epochs)

Focal L1 + FFT loss

0.2/1.0

1.0

2.0/4-stage average

0.95/1x 1078
0.5/1.5/1.0/2.0

4.2. Experimental Configurations and Metrics

To analyze the contribution of each component, four experimental configurations are
designed, as shown in Table 2. Config A denotes the baseline objective without dynamic
weighting (DW) and context consistency loss (CCL). Config B only introduces the gradient-
sensitive dynamic weighting mechanism. Config C only introduces the context consistency
loss. Config D combines both DW and CCL to evaluate whether adaptive loss weighting
can further improve the context-consistency variant under different downstream settings.
In addition to these internal ablations, external SSL comparisons and a masking-ratio
sensitivity analysis are conducted to evaluate cross-method transfer performance and the
robustness of the default masking setting.

Table 2. Ablation configurations. Here, v’ indicates that the corresponding component is included,
whereas x indicates that it is excluded.

Config DW CCL Description
A X X Baseline
B v X Baseline with DW
C X v Baseline with CCL
D v v DW+CCL variant

DW adaptively adjusts the weights of different loss terms according to their gradient
magnitudes and is used to investigate whether branch-level optimization imbalance can be
alleviated during collaborative self-supervised training. CCL aligns the student reconstruc-
tion features with the complete-view contextual features provided by the teacher network
and is intended to reduce the risk of semantic degradation when visible patches provide
insufficient reconstruction evidence.
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For self-supervised representation evaluation, KNN Top-1 Accuracy is adopted. This
metric evaluates the semantic separability of the learned representations without fine-
tuning the pretrained model. For image classification, Overall Accuracy (OA) is used as
the evaluation metric. For semantic segmentation, mean Intersection over Union (mloU) is
used to evaluate pixel-level dense prediction performance. For oriented object detection,
mARP is adopted to evaluate the detection ability of the model for multi-category oriented
objects in remote sensing images.

For external comparison, SeCo [18] and GASSL [19] are included as representative
remote sensing self-supervised learning methods. Their publicly released ResNet-50 pre-
trained encoders are evaluated using the same downstream datasets, data splits, task-
specific heads, and evaluation metrics adopted for the proposed framework. Because
the external encoders are pretrained using different data corpora and training schedules,
the results are interpreted as external transfer references rather than strictly controlled
comparisons under identical pretraining conditions.

For masking-ratio sensitivity analysis, Config C is evaluated using masking ratios
of 0.40, 0.60, and 0.80, while the backbone, pretraining duration, random seed, and other
optimization settings are kept unchanged. Config C is used to isolate the influence of
context consistency from the task-dependent behavior of dynamic weighting. The masking
ratio of 0.60 corresponds to the default setting adopted in the main experiments.

4.3. Self-Supervised Representation Evaluation

To first evaluate the influence of different modules on self-supervised representation
quality, KNN evaluation is conducted on UCMerced. This evaluation does not require
additional fine-tuning and therefore provides a non-parametric indication of the semantic
organization of the pretrained features. The results are shown in Table 3.

Table 3. KNN evaluation results on UCMerced. Bold values indicate the best result among Configs A-D.

Config KNN Top-1 (%) Change over Baseline
A 60.31 -
B 61.25 +0.94
C 65.16 +4.85
D 59.38 —0.93

As shown in Table 3, Config C achieves the best KNN Top-1 Accuracy of 65.16%,
outperforming the Baseline by 4.85 percentage points. Under the current experimental
setting, this result indicates that the context consistency loss improves the KNN represen-
tation evaluation performance of the self-supervised pretrained model. Remote sensing
images usually contain complex backgrounds, dense small objects, and multi-scale spa-
tial structures. A pure reconstruction objective may overemphasize local pixel recovery
while ignoring the semantic relationship between local regions and the global scene. The
observed KNN gain is consistent with improved semantic organization of the pretrained
feature space under the current experimental setting.

Config B only improves the result by 0.94 percentage points, suggesting that DW alone
can slightly improve representation quality but its effect is relatively limited. Config D
performs lower than the Baseline in KNN evaluation, indicating that jointly introducing
DW and CCL does not provide an additional benefit in this setting. The underlying cause
requires further analysis, because the result may be affected by loss interactions, weighting
dynamics, or training variability.
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4.4. Image Classification Results

To further analyze the influence of different modules on classification tasks, fine-tuning
experiments were conducted on UCMerced and Million-AID. To avoid confusion between
different datasets, the UCMerced fine-tuning results and the Million-AID fine-tuning results
are reported separately.

4.4.1. UCMerced Fine-Tuning Results

Table 4 gives the classification fine-tuning results on UCMerced.

Table 4. Classification fine-tuning results on UCMerced. Bold values indicate the best result among
Configs A-D.

Config OA (%) Change over Baseline
A 98.96 -
B 99.48 +0.52
C 100.00 +1.04
D 99.48 +0.52

As shown in Table 4, Config C achieves the best OA of 100.00% on UCMerced, im-
proving the Baseline by 1.04 percentage points. Config B and Config D both achieve 99.48%
OA, outperforming the Baseline by 0.52 percentage points. This result suggests that CCL
can benefit both unsupervised representation evaluation and downstream classification
under the current experimental setting. Since UCMerced is a relatively small-scale scene
classification dataset, contextual representations learned during pretraining may benefit
classification with limited supervised samples.

4.4.2. Million-AID Fine-Grained Classification Results

Table 5 reports the results on the Million-AID subset fine-grained classification task.

Table 5. Fine-grained classification results on the Million-AID subset. Bold values indicate the best

result among Configs A-D.

Config OA (%) Change over Baseline
A 93.85 -
B 93.65 —0.20
C 93.85 0.00
D 94.48 +0.63

As shown in Table 5, Config D achieves the highest OA of 94.48%, improving the
Baseline by 0.63 percentage points. This result indicates that DW and CCL can produce
a task-dependent complementary effect in fine-grained semantic discrimination tasks.
Compared with UCMerced, Million-AID contains more categories and more subtle inter-
class differences. Therefore, the model needs to capture both global scene semantics
and fine-grained local structural cues. The improvement of Config D suggests that the
combination of dynamic weighting and contextual consistency can be beneficial in the
Million-AlID fine-grained classification setting, although this advantage is not consistently
observed across all downstream tasks.

Figure 2 shows the performance of different configurations under two UCMerced
evaluation settings: direct UCMerced fine-tuning and UCMerced evaluation initialized
with the Million-AlID-finetuned backbone. It should be noted that the second setting in
Figure 2 does not denote the Million-AID classification accuracy itself. Instead, it represents
the UCMerced classification result initialized with the Million-AID-finetuned backbone,
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which is different from the Million-AID subset fine-grained classification task reported in
Table 5.

101

[ Baseline I oW [ ccL [ bw+CCL

100

[ols] 97.92 97.92 97.92
97.44

97

OA (%)

95

UCMerced Million-AID

Figure 2. Performance comparison of different configurations under direct UCMerced fine-tuning
and UCMerced evaluation using the Million-AID-finetuned backbone.

As shown in Figure 2, Config C achieves the best performance in the direct UCMerced
fine-tuning setting. When the Million-AID-finetuned backbone is transferred back to
UCMerced, Config B, Config C, and Config D all achieve 97.92% OA, which is higher
than the Baseline of 97.44%. However, compared with direct UCMerced fine-tuning, the
two-stage transfer results are generally lower, suggesting that supervised fine-tuning on the
Million-AID subset may shift the feature space toward the sampled Million-AID category
distribution and weaken its adaptability to the small-scale UCMerced classification task.

4.5. Semantic Segmentation and Oriented Object Detection

To evaluate the effectiveness of the proposed method on dense prediction tasks,
experiments are further conducted on Potsdam semantic segmentation and DOTA oriented
object detection. The results are shown in Table 6.

Table 6. Results on Potsdam semantic segmentation and DOTA oriented object detection. Bold values
indicate the best performance in each metric column.

Config Potsdam mlIoU (%) DOTA mAP (%)
A 33.39 43.62
B 33.60 44.15
C 35.82 45.24
D 34.25 44.78

As shown in Table 6, Config C achieves the best mloU of 35.82% on Potsdam, im-
proving the Baseline by 2.43 percentage points. For the DOTA oriented object detec-
tion task, Config C also obtains the highest mAP of 45.24%, improving the Baseline by
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1.62 percentage points. These results show that CCL is more consistently effective than DW
for dense prediction tasks in the current experimental setting.

Semantic segmentation and oriented detection both require strong spatial structural
perception. Potsdam segmentation requires pixel-level classification of ground objects such
as buildings, roads, and vegetation, while DOTA detection requires accurate recognition of
multi-scale objects with arbitrary orientations. Compared with scene classification, dense
prediction tasks rely more heavily on local structures, object boundaries, and contextual
relationships. CCL encourages consistency between local reconstruction and complete-view
contextual features during pretraining, which may contribute to the observed gains on
spatially sensitive downstream tasks.

Figure 3 further visualizes the performance differences among different configurations
on dense prediction tasks. Config C achieves the best results on both Potsdam and DOTA,
and its improvement is more obvious than that of DW alone. Config D also outperforms
the Baseline but does not surpass Config C, indicating that DW does not provide an addi-
tional benefit over CCL in these dense prediction settings. The underlying cause requires
further analysis.

47
46

[ Baseline [l oW [ ccL [ bw+CCL

45.24
44.78

& R &

42
41

39

Performance (%)

37

R &8

33.39 33.60

8

32

Potsdanm-mloU DOTA-mAP

Figure 3. Performance comparison of different configurations on Potsdam semantic segmentation
and DOTA oriented object detection.

From a task-specific perspective, the improvement on Potsdam suggests that context-
consistent pretraining provides transferable representations for pixel-level land-cover
discrimination, where spatial relationships and local structural cues are important. Simi-
larly, the improvement on DOTA indicates that the learned representations can transfer
to localization-sensitive recognition involving multi-scale and arbitrarily oriented objects.
The consistent gains over the Baseline on both tasks provide task-level evidence that the
proposed contextual supervision is not restricted to scene-level classification but can also
benefit spatially sensitive dense prediction. Because matched prediction visualizations are
not included, the current analysis focuses on task-level transfer performance rather than
fine-grained pixel- or instance-level error attribution.
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4.6. Performance Changes over the Baseline

To more intuitively compare the contribution of different modules, Figure 4 visualizes
the performance changes of DW, CCL, and DW+CCL over the Baseline across different
downstream tasks. The compared evaluation settings include direct UCMerced classi-
fication, UCMerced classification initialized with the Million-AID-finetuned backbone,

Potsdam semantic segmentation, and DOTA oriented object detection.

| | DW | | CCL | | DW+CCL
- 243
m
=
S
(¢D) 2 L
g
§_ 1.62
§ |
g 1.16
& 1.04
T Lr 0.86
o
g 0.52 0.52 048 048 048 053
6 |
021
0 T T T J

T y T T
UCMerced UCMerced-Million-AID  Potsdam DOTA

Figure 4. Performance changes of different modules over the Baseline across discrete downstream
evaluation settings.

As shown in Figure 4, CCL produces performance gains across the examined down-
stream tasks under the current experimental settings. Specifically, CCL improves UCMerced
classification OA by 1.04 percentage points, Potsdam mloU by 2.43 percentage points, and
DOTA mAP by 1.62 percentage points. These results suggest that context consistency may
be beneficial for tasks that rely on spatial context and dense structural information.

In contrast, the effect of DW is not consistently positive. Config D decreases the
UCMerced KNN Top-1 accuracy from 60.31% to 59.38%, and Config B decreases the
Million-AID subset classification accuracy from 93.85% to 93.65%. Moreover, although
Config D remains above the Baseline on the evaluated dense prediction tasks, it does
not outperform the CCL-only configuration. These observations indicate that DW has a
task-dependent interaction with the other self-supervised objectives rather than providing
a uniformly beneficial optimization effect.

Under the current formulation, each dynamic weight is proportional to the correspond-
ing temporally smoothed gradient magnitude. Because raw gradient magnitude may also
be affected by loss scale, parameterization, and stochastic noise, an objective can receive
a relatively large weight even when its gradient does not directly reflect unmet learning
requirements. Introducing CCL additionally changes the number and distribution of the op-
timized objectives, which may further alter their relative weights. This mechanism provides
a plausible explanation for the unfavorable results of Config D, but the current experiments
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do not establish the existence of severe optimization conflicts or identify a single causal
factor. Therefore, DW is retained as an auxiliary empirical strategy whose effectiveness
depends on the objective combination and downstream task. Scale-normalized gradients,
weight clipping, constrained weight ranges, or stage-wise activation may provide more
robust alternatives in future work.

It should be noted that Figure 4 compares performance changes across discrete down-
stream tasks rather than showing a continuous trend. Therefore, this figure should be
interpreted as a module-wise comparison of gains in percentage points under different
evaluation settings.

4.7. Comparison with Representative Remote Sensing SSL Methods

To provide an external reference beyond the internal ablation configurations, the
proposed framework is compared with SeCo and GASSL using a common downstream
evaluation pipeline. The comparison covers non-parametric KNN evaluation, scene classi-
fication, semantic segmentation, and oriented object detection. Since the external methods
use different pretraining corpora and training schedules, the results should be interpreted
as a comparison of downstream transfer performance rather than a strictly controlled
comparison under identical self-supervised pretraining conditions. The results are reported
in Table 7.

Table 7. Comparison with representative remote sensing self-supervised learning methods. Bold
values indicate the best performance in each column; tied best results are all shown in bold.

UCMerced Million-AID Potsdam

Method KNN Top-1 (%) OA (%) OA (%) mloU (%) DOTA mAP (%)
Baseline (Config A) 60.31 98.96 93.85 33.39 43.62
SeCo [18] 66.00 99.48 94.20 34.80 4490
GASSL [19] 67.00 100.00 94.40 35.20 45.28
C2DSSL (Config C) 65.16 100.00 93.85 35.82 45.24
C2DSSL (Config D) 59.38 99.48 94.48 34.25 44.78

As shown in Table 7, GASSL achieves the highest KNN Top-1 accuracy of 67.00%,
followed by SeCo at 66.00% and C?DSSL Config C at 65.16%. On UCMerced classification,
Config C and GASSL both achieve an OA of 100.00%, while SeCo reaches 99.48%. On
Million-AID, C2DSSL Config D achieves the highest OA of 94.48%, marginally surpassing
GASSL at 94.40%. For dense prediction, Config C achieves the highest Potsdam mloU of
35.82%, and obtains a DOTA mAP of 45.24%, which is close to the highest result of 45.28%
achieved by GASSL. Overall, C2DSSL achieves or ties the best result on UCMerced classifi-
cation, Million-AID classification, and Potsdam semantic segmentation, while remaining
competitive on KNN evaluation and DOTA oriented object detection. Nevertheless, these
results should be interpreted together with the differences in pretraining data and training
schedules among the compared methods.

4.8. Masking-Ratio Sensitivity Analysis

To examine the influence of the amount of visible image information on context-
consistent representation learning, Config C was evaluated using masking ratios of 0.40,
0.60, and 0.80. All other self-supervised pretraining and downstream evaluation settings
were kept unchanged. The masking ratio of 0.60 corresponds to the default setting used in
the main experiments. The results are reported in Table 8.

As shown in Table 8, the default masking ratio of 0.60 achieves the best KNN Top-
1 accuracy of 65.16% and UCMerced OA of 100.00%. Reducing the masking ratio to
0.40 results in a KNN Top-1 accuracy of 63.80% and an OA of 99.48%. Although the
lower masking ratio retains more visible image information, it also reduces the difficulty
of the reconstruction objective and may provide a weaker representation-learning signal.
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Increasing the masking ratio to 0.80 decreases the KNN Top-1 accuracy to 62.30% and
the OA to 98.96%, suggesting that excessive masking leaves insufficient visible contextual
evidence for reliable semantic reconstruction. These results indicate that a moderate
masking ratio of 0.60 provides a favorable balance between reconstruction difficulty and
available contextual information under the current limited-data pretraining setting.

Table 8. Sensitivity analysis of the masking ratio under Config C. Bold values indicate the best
performance in each metric column.

Masking Ratio KNN Top-1 (%) UCMerced OA (%)
0.40 63.80 99.48
0.60 65.16 100.00
0.80 62.30 98.96

4.9. Two-Stage Transfer Analysis with the Million-AID-Finetuned Backbone

To further analyze the influence of supervised classification fine-tuning on down-
stream transfer, the backbone fine-tuned on the sampled Million-AID subset was used
as initialization and further transferred to UCMerced classification, Potsdam semantic
segmentation, and DOTA oriented object detection. Table 9 compares the results obtained
using the UCMerced-pretrained backbone and the Million-AID-finetuned backbone.

Table 9. Two-stage transfer results using the Million-AID-finetuned backbone. Bold values indicate
the best result in each numerical column within each downstream-task block; tied best results are all
shown in bold.

. UCMerced Million-AID
Downstream Task Config Pretrained Fine-Tuned Change
A 98.96 97.44 —1.52
B 99.48 97.92 —-1.56
UCMerced OA C 100.00 97.92 —2.08
D 99.48 97.92 —-1.56
A 33.39 37.50 +4.11
B 33.60 35.96 +2.36
Potsdam mloU C 35.82 36.42 +0.60
D 34.25 39.44 +5.19
A 43.62 40.04 —3.58
B 44.15 40.22 —-3.93
DOTA mAP C 45.24 41.33 —391
D 44.78 40.84 —3.94

As shown in Table 9, the influence of the Million-AID-finetuned backbone varies across
downstream tasks. For UCMerced classification, the Million-AID-finetuned backbone leads
to lower accuracy for all configurations, suggesting that supervised fine-tuning on the
Million-AID subset may shift the representation toward its own category space and reduce
its adaptability to UCMerced.

For the Potsdam semantic segmentation task, the Million-AID-finetuned backbone
generally improves the performance. Config D increases from 34.25% to 39.44%, with a
gain of 5.19 percentage points, while the Baseline improves from 33.39% to 37.50%, with a
gain of 4.11 percentage points. This indicates that supervised fine-tuning on the sampled
Million-AID subset can enhance high-level semantic representation to some extent and
benefit segmentation transfer.
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However, for DOTA oriented object detection, the Million-AlID-finetuned backbone
decreases the mAP of all configurations by approximately 3.58 to 3.94 percentage points.
This suggests that supervised classification fine-tuning may strengthen global category-
discriminative features but weaken the sensitivity to object localization, orientation, and
local structures, which are crucial for oriented detection.

4.10. Feature Clustering Visualization

In addition to quantitative experiments, feature clustering visualization is further used
to qualitatively analyze the representation distributions learned by different configurations.
Specifically, image features extracted by the pretrained backbone are projected into a two-
dimensional space using a dimensionality reduction method, and samples from different
categories are visualized with different colors.

Figure 5 shows the feature clustering comparison under different configurations. The
first row denotes the feature distributions obtained by direct fine-tuning on UCMerced,
while the second row denotes the results obtained after transferring the Million-AID-
finetuned backbone to UCMerced. In the direct UCMerced fine-tuning setting, Config C
produces relatively more compact and separable clusters, which is consistent with its best
classification accuracy of 100.00%. This observation is consistent with improved feature
separability under the evaluated classification setting.

In the two-stage transfer setting, the feature distributions become more scattered
for some categories. Although the Million-AID-finetuned backbone can introduce fine-
grained category information, it may also shift the feature space toward the Million-AID
subset distribution. This observation is consistent with the quantitative results in Table 9,
where transferring the Million-AID-finetuned backbone back to UCMerced does not further
improve classification performance. Overall, the clustering visualization is consistent with
improved feature separability for the CCL configuration under the evaluated classification
setting, while supervised fine-tuning on the Million-AID subset may introduce a task-
specific representation shift.

Feature Clustering Comparison under Different Configurations
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Figure 5. Feature clustering visualization under different configurations. Different colors denote
different categories.
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5. Conclusions

This paper investigates collaborative self-supervised representation learning for re-
mote sensing imagery under conditions in which high-ratio masking may leave insufficient
visible evidence for reconstructing small or structurally informative regions. To examine
contextual reconstruction and heterogeneous objective coordination within a unified frame-
work, we propose C2DSSL, a context-consistency enhanced collaborative self-supervised
learning framework. The framework combines reconstruction-level contextual supervision
with global and local representation-learning objectives and evaluates gradient-sensitive
dynamic weighting as an auxiliary strategy for adjusting their relative contributions.

The context-consistency constraint uses the complete-view reconstruction features
generated by the teacher network to guide the masked student reconstruction. Under
the current experimental settings, Config C outperforms the Baseline by 4.85 percentage
points in UCMerced KNN evaluation, 1.04 percentage points in UCMerced classification,
2.43 percentage points in Potsdam semantic segmentation, and 1.62 percentage points in
DOTA oriented object detection. These results suggest that reconstruction-level contextual
supervision can benefit representation transfer across the evaluated downstream tasks.
However, the results should not be interpreted as establishing universal improvements
across all datasets, architectures, or representation properties.

The external transfer comparison further shows that C2DSSL achieves or ties the
best result on UCMerced classification, Million-AID classification, and Potsdam semantic
segmentation under the adopted downstream evaluation pipeline, while remaining com-
petitive on KNN evaluation and DOTA oriented object detection. Because the external
encoders use different pretraining corpora and training schedules, these results are inter-
preted as transfer references rather than strictly controlled pretraining comparisons. In
addition, the masking-ratio analysis shows that 0.60 provides the best performance among
the tested ratios of 0.40, 0.60, and 0.80 under the current limited-data setting.

Regarding objective coordination, the gradient-sensitive dynamic weighting mecha-
nism adjusts the relative contributions of different self-supervised objectives according to
their smoothed gradient magnitudes. Its effect is task-dependent: a performance gain is
observed on the Million-AID subset classification task, whereas the DW+CCL configura-
tion does not consistently outperform the CCL-only configuration on the other evaluated
tasks. Therefore, DW is treated as an auxiliary empirical strategy rather than a universally
beneficial optimization mechanism. The two-stage transfer experiments further indicate
that supervised fine-tuning on the Million-AID subset can improve Potsdam semantic
segmentation to some extent but may reduce the performance on DOTA oriented object
detection. This suggests that scene-level semantic fine-tuning and localization-sensitive
dense prediction tasks may require different representation preferences.

Feature clustering visualization further supports the quantitative results. The learned
representations with context consistency show better feature separability in the UCMerced
classification setting, while the Million-AID-finetuned backbone introduces a certain task-
specific representation shift when transferred back to UCMerced. These observations
suggest that spatial contextual information learned during self-supervised pretraining may
contribute to representation transfer across the evaluated tasks.

Limitations

Several limitations should be considered when interpreting the current results. First,
the empirical evaluation uses UCMerced for self-supervised pretraining, a ResNet-50
backbone, and primarily RGB aerial imagery. Therefore, the transferability of C?DSSL to
larger-scale pretraining datasets, transformer-based architectures, multispectral or SAR
imagery, and multi-temporal observations remains to be examined. Second, the context
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consistency and local semantic alignment branches rely on spatial correspondence between
the complete teacher view and the masked student view. Their application to weakly
aligned cross-view, cross-temporal, or crossmodal observations may require additional
correspondence-estimation or feature-alignment mechanisms. Third, gradient-sensitive
dynamic weighting uses temporally smoothed gradient magnitude as an empirical proxy
rather than a direct measure of optimization difficulty. Its effect is task-dependent and
may be influenced by loss scale, model parameterization, and stochastic gradient noise.
Fourth, the current experiments are based on a single fixed random seed and do not
quantify run-to-run variance. Therefore, relatively small performance differences should
be interpreted cautiously. In addition, the current qualitative evaluation focuses mainly on
feature-clustering visualization for classification and does not include matched prediction
visualizations for segmentation and detection; therefore, fine-grained pixel- and instance-
level error patterns remain to be examined. Finally, the teacher—student architecture,
multiple input views, feature pyramid modules, reconstruction decoders, and projection
heads introduce additional computational and memory overhead compared with a single-
branch self-supervised framework. Future work will investigate broader data settings,
stronger backbones, repeated evaluations under multiple random seeds, more robust
objective-coordination strategies, and lighter implementations.
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