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Abstract

Remote sensing (RS) imagery, which requires specialized satellites to collect and
is difficult to annotate, suffers from data scarcity and class imbalance in certain
spectrums. Due to their data scarcity, training large-scale RS models from scratch
is unrealistic, and the alternative is to transfer pre-trained models by fine-tuning or a
more data-efficient method LoRA [22]. Due to class imbalance, transferred models
exhibit strong bias, where features of the major class dominate over those of the
minor class. In this paper, we propose debLoRA—a generic training approach that
works with any LoRA variants to yield debiased features. It is an unsupervised
learning approach that can diversify minor class features based on the shared
attributes with major classes, where the attributes are obtained by a simple step
of clustering. To evaluate it, we conduct extensive experiments in two transfer
learning scenarios in the RS domain: from natural to optical RS images, and from
optical RS to multi-spectrum RS images. We perform object classification and
oriented object detection tasks on the optical RS dataset DOTA and the SAR dataset
FUSRS. Results show that our debLoRA consistently surpasses prior arts across
these RS adaptation settings, yielding up to 3.3 and 4.7 percentage points gains
on the tail classes for natural — optical RS and optical RS — multi-spectrum
RS adaptations, respectively, while preserving the performance on head classes,
substantiating its efficacy and adaptability [1_1

1 Introduction

Remote sensing (RS) is crucial in various applications such as environmental monitoring, resource
management, and disaster response [[71,136]. RS data is collected by various sensors and has multiple
spectrums, including optical RS imagery (dubbed as ORS, 400-700nm) [32], multi-spectral RS
imagery (MSRS, 400-2500nm) [8]], and synthetic aperture radar imagery (SAR, 1mm-1m) [48| [13].
These spectrums differ significantly in imaging mechanisms, leading to distinct data characteristics
and processing pipelines [[/0]]. Given this diversity, learning robust and generic representation models
for such data is desirable to reduce processing costs and complexities.

Recently, in natural image domains, large-scale pre-trained visual foundation models (e.g., CLIP [45],
Stable Diffusion [47], and DINO [4]) have shown great advances in robustness and generalization
ability. The zero-shot features extracted from the models show impressive performance in downstream
tasks such as object classification, detection and semantic segmentation [[66], even outperforming
the supervised models trained on the specific datasets of those tasks. However, in the RS domain,
training such foundation models from scratch remains challenging. Even though some trials have
been made in past years [8} [16], their works have clear limitations. First, they require large-scale RS
data for effective training, which are available for only ORS but not other spectrums such as SAR
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and MSRS 43, 10, 17]. Collecting and annotating images in “other” spectrums is dif cult due to
many factors such as military restrictions, sensor availability, and high acquisition costs, so the data
scarcity is unlikely to be alleviated in the near futur€][ Second, their works are constrained in
small- or medium-scale modeisg., they use ViT-L (300M) in §] and Swin-L (197M) in [L6], while

the foundation models in the natural image domain are much laeggrl(atent Diffusion has 860M,

and OpenCLIP-H/14 has 986M). Third, their training-from-scratch approaches are computationally
inef cient, requiring a huge amount of GPU memory (VRAM). For instand€] feported the need

of 80 * A100 GPU with 80GB VRAM each, totaling 6.4TB.

Instead of learning a foundation model from scratch, we propose to transfer existing foundation
models to RS domains. This approach is both data-ef cient and computation-ef cient. We answer
two questions: 1) Which foundation models to transfer? 2) Which transfer learning methods to use?

For the rst question, we consider foundation

models pre-trained on natural imagesg,

CLIP [45], Stable Diffusion f7]) as well as

the models from remote sensing (RS) images

(e.g, SkySense16]). A positive aspect of

these models is that they contain the seman-

tic knowledge necessary for learning a new

RS domain. However, a great challenge is the

large domain gap between natural images and

RS domains, or between different RS spec-

trums. In our preliminary study, we conduct

validation experiments. Fortunately, we ob-

serve successful transfer results both from nat-

ural to ORS in Figure 1 and between different

RS spectrums in Table 3, when compared to

the method of TRS-Res1065] which does

not perform any transfer learning. The success

of natural ORS is due to the shared underly-

ing visual elements like edges, textures, and

contours, which are intrinsic to both naturdFigure 1: Long-tailed Problems. This gure shows
and RS images. The success of OR@her 1) ORS datasets (take DOTAY| as an example)
RS is due to the shared spatial structueeg, have the long-tailed distribution issue. 2) Model
urban areas, buildings, and object outlines, &daptation methods suffer from weak performance
different RS spectrums. in tail classes.

For the second question, we found that data-ef cient transfer learning methods on foundation models
exhibit a strong bias towards major classes. As shown in Fig. 1, both Fine-Tune and LoRA have
signi cantly lower F1 scores for tail classes. This is because their learned feature space is biased
towards the discriminative features of head classes while neglecting theé4aiTking the head
classship (which takes 28.35%) and tail clakslicopter (0.64%) as examples on the DOTA
dataset$9]. Fig. 2(a) shows biased LoRA features of “oval tail” in thlgip samplen and “rotor

tail” in the helicopter samplem. We say biased because the LoRA fails to understand the “oval
tail with a rotor” in anothehelicopter samplem®and embeds®wrongly as aship sample in

the feature space. Please note that the real feature distribution is shown in Figure 3 to support the
illustration of Figure 2. This long-tail issue is particularly severe for transfer learning in the RS
domain due to two reasonBirst, RS datasets suffer from more severe data imbalance than natural
image datasetsFor instance, the imbalance rafiasf RS datasets DOTA and ShipRSImageNet
reach 86 and 112, respectively, while CIFAR100-2], p natural image dataset with a similar data
scale, has a ratio of only 50. This is because annotating under-represented tail class samples in RS,
e.g, identifying a rare naval vessel, such as the “Nimitz”, from SAR image, requires a high level of
domain expertiseSecond, the data scarcity in RS domains determines that RS adaptation methods
must be data-ef cientsuch as LoRA. However, as shown in Table 2, using fewer parameters in LORA
(being more data-ef cient) exacerbates long-tail issues. The reason is that this restricts the model
capacity and forces the model to prioritize a limited number of features—usually from head classes.

2 The imbalance ratio is measuredy=ny , wherel andk are the largest and smallest categories. It re ects
the severity of data imbalance [69].



Figure 2: Two key steps ofdebLoRA: feature clustering and calibration. (a) The baseline LORA
feature space is biased towards head classes. Red crosspesent head class samples, and blue
triangles represent tail class samples. The blue standicates the center of tail class samples.
Dashed blue triangles show the validation samples of the tail class wrongly embedded in the head
class region, indicating the model bias towards head classes. (b) We cluster all features (clusters
denoted by gray dotted boundaries) regardless of class labdb.andC are cluster centers used to
generate a de-biased cenieras in Eq. 2. (c) We calibrate the tail class features by “moving” them
closer toD, as in Eq. 3. After these steps, we train tlebLoRA module on the calibrated features

of tail classes (together with the original head class features).

To mitigate this bias without needing more data or labels in tail classes, we propose an unsupervised
learning approactdebiased LoRA, dubbedebLoRA. debLoRA is based on the features extracted

from LoRA (or a LoRA variant) and is generic to LORA variants. To be concise, we use LORA in the
following to represent itself and its variants. Given the LoRA featullebl oRA has three steps:
clustering, calibration, and training. First, it clusters all the features regardless of class labels by
K -means. Each obtained cluster center represents an attribute from one or shared by multiple classes.
Second, these cluster centers are used to calibrate the LoRA features of tail classes and enhance
the territory of tail classes in the feature space. We illustrate these two steps in Figure 2. Last, the
calibrated features are used as the learning objectives to taghladnRA module with a similar

network architecture to LoRA. The learnddbLoRA is thus a de-biased feature extractor.

We observe that aftdf -means clustering, each cluster center captures a general visual attribute
shared across different classes. For instance, in Figure 2(b), chustaresponds to the general
vehicle attribute “streamlined tail”, which includes both head class sampte tail class sampia.

Such clusters can thus yield a balanced representation base, making the tail more robust by integrating
common attributes with the head.

One may ask “what if some attributes are dominated by the attribute features of head classes?” We
address this question by proposing a weighting scheme, in the step of calibration. In speci c, for each
tail class sampleg(g, m in Fig. 2(c)), we calibrate it by forcing its feature closer to the de-biased
center D)—the weighted average of all cluster centers. The weights are determined by the number
of samples in each cluster, ensuring that this center is not dominated by clusters with mostly head
class samples. This calibration process results in de-biased representations that capture a more
comprehensive range of visual attributes shared across classes, leading to improved features of tail
classesd.g, m9. Lastly, we re-train a LORA module to map biased representations towards these
debiased centers. Please nd more details of justi cations in Sec. 4.4. Our method signi cantly
improves the features of tail classes. Moreover, it is ef cient as it learns only a lightweight low-rank
module while keeping the original foundation model frozen.

Our contributions can be concluded three-fold: 1) We demonstrate the effectiveness of adapting
foundation models for data-scarce RS domains. 2) We propose Incremental LoRA, a novel method
that de-biases category-speci c representations for long-tailed RS adaptation. 3) We conduct extensive
experiments to validate our approach on multiple RS adaptation settings and downstream tasks.

2 Related Works

Representation Learning for RS Images.Self-supervised representation learning in RS image
domains mainly includes contrastive- and generative-based metBodastive-basedmethods,

such as Tile2vecZ7], Seasonal contrasBf] and SauMoCo 30], heavily rely on rich temporal

data or high-resolution samples, which are often unavailable for data-scarce RS speb@jums [
Generative-basedmethods, such as RR-SSB7 and SGSAGANSs 15], reconstruct inputs to
capture the global data distribution and learn ne-grained patterns. However, they require large-scale
data to form robust latent spac®4]. Recently,foundation modelsin the RS domain, such as



SatMAE [8], SpectralGPT20], and SkySenself], have shown superior performance for ORS tasks.
SpectralGPTZ(0] tackles spectrum diversity by pre-training separate tokenizers for each spectrum,
which still needs large amounts of data. Another problem is that existing RS foundation models are
much smaller than those in the natural image domaig, (SatMAE-L [8] has 300M parameters
v.s.986M of OpenCLIP-H/145]). Instead of self-supervised training RS models from scratch, we
propose to adapt existing foundation models to RS tasks. Our approach: 1) reduces computational
cost signi cantly, 2) can be easily adapted to various data-scarce RS spectrums, and 3) bene ts from
powerful representations from natural vision foundation models.

Long-tailed Data Distribution and its Bias Problem. Long-tailed data distribution, where a few

head classes cover most of the samples, is prevalent in both natural and RS image domains [55, 69].
This imbalance leads to biased feature representations, where the model focuses on discriminative
features for head classes while neglecting subtle but crucial features for tail cB&<2d.[Zhang

et al. [69] observed that such a feature space is usually broader for head classes than tail classes, and
the decision boundary tends to be biased towards head classasany false positive predictions

for head classes. Existing solutions include sample-level, meta-learning, and representation-level
approachesg9]: Sample-levelmethods, such as re-samplirtf] and data augmentatiof][ aim

to directly balance the sample distribution. However, they require sample annot&id$h ¢r

rely on data diversityq], both of which are unrealistic in the data-scarce RS spectrums such as
SAR [13] and MSRS 8]. Meta-learning methods 26, 57] formulate the problem as “learning to

learn” and adapt the model to a balanced meta-test set. They depend on the data diversity of the
training sets and the availability of balanced validation sets, and therefore, are less applicable for
data-scarce RS domains. Tiepresentation-levelmethods enhance the learned representation space,
including metric learning losse23|, margin-based losseg][ and feature transfer from head to tail
classes33, 63]. However, they are designed for supervised single-domain settings and do not address
the challenges of model adaptation to RS: 1) handling multiple downstream ¢éagksrfall object
detection, scene segmentation, change detection), and 2) multiple spectrums (such as ORS and SAR).
In contrast, we propose amsupervised adaptatianethod to tackle these challenges in this paper.

Transfer Learning in Remote Sensing. Transfer learning in remote sensing primarily focuses

on adaptation within the optical imagery domain. They can be categorized into supervised and
unsupervised methods. Supervised meth@@s35, 46, 44, 39] align distributions using target labels.
However, they require task-speci ¢ annotations, which are scarce in SAR and multispectral domains
and limit the applicability of the obtained models to multiple downstream tasks. Unsupervised
DA (UDA) methods aim to learn domain-invariant features without requiring labeled data in the
target domain, including transfer component analy$® 40], manifold alignment$3, 60, 61], and
adversarial learningl] 11, 51]. However, they are designed for single-source, single-target adaptation
within the same spectrund], 38]. Besides, the manifold alignment and adversarial methods require
signi cant computational resources, often involving the training of several copies of the source model,
while component analysis methods involve complex pipelines. These factors make them unsuitable
for foundation models, which are already computationally intensive. In contrast, our method tackles
multi-spectrum adaptation without requiring extra labels. It is also computationally ef cient.

3 LoRA and cLoRA

OurdebLoRA is based on the LORA2P] or its variants §4], but is orthogonal and generic to them.

LoRA. LoRA was initially proposed to adapt a pre-trained large-scale language model to downstream
tasks. It assumes adapted parameters are sparse during model training when the data is limited. It
introduces a low-rank factorization of the difference between original and adapted paraneeters,

= B A. Here, 2 RY K represents the parameters of pre-trained modelBagdR? " and
A 2 R" K denote low-rank factors, with ~ min(d; k). The updated paramete’?sare thus given by
"= + = +BA. Buring inference, the obtained LoRA modules could be combined through a

weighted sum’ =+ Wi i, wherew; denotes combination weights.

cLoRA. To tackle the long-tailed issue of LORA, we also explore its variant cLo84 [The key

idea of cLORA is to learn a separate LORA module for each class, denoted.der classc, to ensure

that the learned representations of one class do not interfere with those of other classes. Formally,
the adapted parameters for clasare given by"C = + .= +B; A, whereB;2 RY " and

Ac 2 R" ¥ are the low-rank factors speci ¢ to classDuring training, each cLoORA module

is optimized using only the data from classllowing it to capture class-speci ¢ features. During



inference, as there is no class label available, we use all the cLoORA modules to extract features for the

input. Speci cally, for an inpuk, we obtain the features = “;(x) using each cLORA modul&..
The nal feature representation is then obtained by concatenating the features from all the cLoRA:

4 De-biased LoRA (lebLoRA)

The algorithm ofdebLoRA consists of two steps: generating debiased features, and then using them
to train adebLoRA module. In the rst step, we perform unsupervised clustering on biased feature
spaceZ (i.e., composed by original LORA features biased to head classes) to obtain debiased features
Z'. In the second step, we uZeas the learning target to trairdebLoRA module. ThedebLoRA

learns the mapping between biased and de-biased features. We justify the feasibility of learning such
a mapping in Section 4.4.

4.1 Problem Formulation

Given a pre-trained feature extracfor X ! Z and a long-tailed RS datadet= (x;y), where

x 2 X isan RS imagey 2 Y is its annotation and is the biased feature spd¢ceur goal is to
adaptf to the target datasét while yielding a de-biased feature spatei.e., adapted encoder is
f*: X | 7. The de-biased feature representatfbshould improve downstream task performance
on tail classes without sacri cing the performance on head classes.

4.2 Stage 1: Representation De-biasing

Feature Clustering. Given a pre-trained encoder : X ! Z that maps input images to a biased
representation space, whdreis parameterized by, we rst extract features for each sample in the
datasetz; = f (xj),i 2 N. We then applK -means clustering ofz; g to obtainK clusters. To
mitigate imbalanced clusters, we impose a constraint that each cluster should containkélkleast
samples, where is a pre-de ned constant. The clustering objective is:
X N
min  minkgz k% st 8k; ng  —— (1)
K K K

where ¢ andng denote the center and size of theh cluster, respectively.

De-biased Cluster Centers. For each tail class, we calculate its de-biased representation center
"¢ by weighted averaging all the ():éuster centers:

n
N = Wk k; Wherewy = =X (2)
k Ne
Hereny denotes the number of samples from clagsthek-th cluster, andh. is the total number of
samples in class. The weightwy is proportional to the fraction of clagssamples in th&-th cluster.
This ensures that the de-biased cerités not dominated by head classes.

4.3 Stage 2: De-Biased Low Rank AdaptationdebLoRA)

Tail Class Calibration. For each tail class samplewith representatiorz, we calibratez by
moving it closer to the de-biased cenfer
z= z +(1 " 3)

where 2 [0;1] is a hyper-parameter controlling the degree of calibration. We empirically set

based on the imbalance ratioof each tail class: = min(1 ; 12). For tail classes with larger
imbalance ratio, a higher encourages the calibrated representatitmbe closer to the de-biased
center”, as the original representatians less reliable due to its learning from limited samples.
While for classes with smaller, a lower is used to retain the discriminative informationzofFor
instance, the DOTA dataset's tail cldsslicopter has high =45:45,soits reache®:22.

3 We de ne feature spacg as biased i#ol(Zn)  Vol(Z:),and9z 2Z :P(z 2Zn) >P (z 2Z+),
whereZ, andZ. denotes the feature spaces of head and tail classes respedtVelydenotes feature space
volume, andP () denotes the probability predicted by the model.




Figure 3: t-SNE visualization of validation samples and clustersThe rst column shows the
distribution ofhelicopter (tail) andship (head) validation samples. Sub gures (c)-(g) are the
clusters and their centers whikn=5 in K -means. In (h), the dotted lines and stars indicate that we
compute a de-biased center for the tail cldsdi¢opter ) by weighted averaging the ve cluster
centers, and the blue star is the original biased centeelafopter training samples.

Learning debLoRA. With the pre-trained encodér frozen, we learn a LoRAmodutg : 2! 7'
parameterized by to map the biased representations to the calibrated ones. The training objective is:

n 17 kg ?; 4
min — g (f (x) , (4)
Dtl x2D ¢

whereD; is the set of tail class samples. During inference, we apply the learned LoRA module to
extract the de-biased representatians g (f (x)) for an input image<. The complete algorithm of
debLoRA is summarized in Algorithm 1.

Algorithm 1 debLoRA

Require: Long-tailed training seD = f(X;y)g, pre-trained encoddr : X ! Z |, number of
clustersK , balance factor
Ensure: A LoRA moduleg that de-biases
1: Extract biased representations f (x) for each sampl& 2 D using pre-trained
2: Perform constrainel -means clustering ohzg (equation 1) to obtain cluster centdrs,gf., ,
where each cluster has at Ie@%t samples
: for each tail class do
Calculate its de-biased representation cefitdoy weighted averaging all cluster centers
f «df., (equation 2)
for each sample 2 D do
Extract biased representatiarF f (X)
Calibratez to by moving it closer to; with factor =10= (equation 3)
end for
end for
. Learn a LoRAmodulg :Z! Z to map biased representations to calibrated ones
: return g

» w
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4.4 Justi cation

We discuss the biased representation space of LORA, and then justify the effectiveness of our three
critical operations irdebLoRA: clustering, weighting, andcalibration. We show the real sample
distribution in Figure 3 and an illustrative example in Figure 2.

LoRA is Biased. The feature space learned by LoRA is biased towards head cl&é&esjdenced

by two observations. 1) The head class representations over-expand their territory into the tail class
space. As shown in Figure 3, most of $td@p (head) validation samples are distributed within its

own representation space, while mdrslicopter (tail) validation samples are wrongly distributed
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