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Abstract—Few-shot instance segmentation is an intense yet
essential task, particularly in camouflaged scenarios where visual
ambiguity between foreground and background makes instance-
level recognition more difficult. Prior approaches primarily
focused on image augmentations in the color space domain to pro-
vide diverse perspective information to the segmentation models.
However, this type of augmentation often fails to capture the full
range of visual characteristics needed for robust generalization,
particularly in camouflage images, due to the limited similar
representation in the color space domain. To this end, we tackle
this gap by exploiting a novel approach to augment and enhance
image features in the derivative frequency domain. Accordingly,
we propose a novel framework tailored for few-shot camouflage
instance segmentation via the instance-aware frequency-based
augmentation, dubbed FS-CAMOFreq, to enhance image diver-
sity while preserving semantic structure, thereby improving the
ability of the few-shot segmentor to learn from limited data.
Extensive experiments on the challenging CAMO-FS benchmark
demonstrate that our approach achieves superior performance
compared to state-of-the-art baselines. Code can be found at
https://github.com/danhntd/FS-CAMOFreq.

Index Terms—Few-shot Instance Segmentation, Camouflage
Instance Segmentation, Frequency Domain Augmentation,

I. INTRODUCTION

Image segmentation is a cornerstone task in computer
vision, serving as a foundation for various applications ranging
from autonomous driving and medical imaging to visual
content analysis and robotics. Traditional segmentation ap-
proaches aim to delineate object regions from background
scenes at the pixel level, offering either semantic understand-
ing (semantic segmentation) or instance-level differentiation
(instance segmentation). In practical settings, especially where
real-time deployment or scalability is essential, utilizing large-
scale pixel-wise annotations remains prohibitively expensive.
Specifically in camouflage research, such applications in
search and rescue jobs or military surveillance gained signifi-
cant attention. This limitation has motivated the development
of few-shot learning in segmentation, which focuses on learn-
ing segmentation tasks from a limited number of annotated
samples [1]–[7]. Few-shot learning offers the potential to gen-
eralize across categories and domains with little supervision,
making it particularly valuable for real-world applications,
data-scarce scenarios, including camouflage contexts [4], [8].

Few-shot semantic segmentation (FSS) and few-shot in-
stance segmentation (FSIS) share a fundamental challenge:
learning to generalize from a limited number of annotated
samples to a large and diverse set of unseen images. This
constraint often leads to suboptimal performance, especially
in instance-level tasks where accurate delineation of indi-
vidual object boundaries is critical. Specifically in the case
of camouflage instance segmentation (CIS) where the fore-
ground instances blend in with the contextual background
[4], [9]–[12]. In addition, the inherent complexity of FSIS,
such as handling occlusions, fine-grained distinctions between
instances, and intraclass variability, further exacerbates the
data scarcity problem. To mitigate this, previous research has
focused on data enrichment strategies to provide different
perspectives of a sample to feed the understanding tasks.
Such works on data augmentation operate primarily in the
spatial or color domain, such as pixel-level transformations
and photometric augmentations. However, these methods are
often limited in their ability to capture the broader spectrum
of visual variability as they only walk around in the color
space. To this end, a novel approach is introduced to the field
of image segmentation that utilizes the image adjustment in
the frequency domain and offers a promising alternative, as it
enables the manipulation of structural and textural components
of images without compromising semantic integrity [13]–[15].
This spectral augmentation can introduce meaningful diversity
into the training data, thereby improving generalization and
robustness in few-shot instance segmentation tasks. Moreover,
in camouflage research, the frequency-based augmentation is
claimed to be potentially beneficial as it may enhance the
camouflage features that look similar in the color space [13].

Prior work succeeded in this approach in a fully super-
vised manner [13], [16]–[18]; however, there is no work that
evaluated its ability in few-shot learning to demonstrate the
effectiveness under a scarce data context. Frequency-based
augmentation has shown promise in improving generaliza-
tion for visual tasks, but its potential remains underexplored
in the context of FSIS for camouflage research. Motivated
by this gap, we propose to incorporate frequency domain
augmentation as a core component in the few-shot instance
segmentation pipeline, aiming to enrich feature diversity and
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mitigate overfitting in low-shot regimes. To summarize, our
contributions in this work are threefold:

• Firstly, we propose a novel framework, dubbed FS-
CAMOFreq, that exploits the frequency domain under
an instance-aware enhancement to improve the few-shot
camouflage instance segmentation.

• Secondly, we introduce a few-shot frequency-based image
augmentation technique exploring the relative intra-class
phase information in the frequency domain to adjust
the visual appearance of the instances in the images,
especially effective in the case of camouflage objects.

• Thirdly, we demonstrate the effectiveness of our proposed
framework on the challenging CAMO-FS benchmark [4]
via extensive experiments.

The remainder of this paper is organized as follows. Section
II reviews related work on image segmentation in general and
in the specific camouflage research. This section also reviews
the few-shot camouflage instance segmentation task. Section
III presents our proposed FS-CAMOFreq with details on each
proposed component. In Section IV, we report our experiments
and ablation studies to prove the effectiveness of our proposal.
Finally, Section V concludes our work.

II. RELATED WORK

A. Image Segmentation

Semantic Segmentation. The traditional approach to ad-
dress semantic segmentation mostly relied on convolutional
neural network architectures, framing the task as a dense pixel-
wise classification problem [19]–[21]. While CNNs proved
effective at modeling local spatial features through hierar-
chical convolutional operations, their inherently limited re-
ceptive fields restricted their ability to capture long-range
dependencies and holistic scene structure. To address this
limitation, the emergence of transformer-based architectures
marked a significant trend in semantic segmentation research.
Models such as Segmenter [22], SegFormer [23], SeMask [24],
and SARFormer [25] extend the Vision Transformer (ViT)
framework [26] by incorporating the self-attention mechanism
originally developed for natural language processing [27].
These architectures excel at modeling global context and re-
lational dependencies across image regions, which are critical
for accurate semantic interpretation in complex visual scenes.
Despite these advancements, semantic segmentation inherently
operates at the semantic pixel-wise level and does not differ-
entiate between individual object instances. Consequently, it
remains insufficient for applications that demand fine-grained
instance-level understanding, such as human tracking and
counting, visual reasoning, or scene decomposition.

Instance Segmentation. Instance segmentation is proposed
to resolve the limitation of semantic segmentation when it
is capable of differentiating individual instances in the same
semantic classes. This task is often classified into two cate-
gories: one-stage and two-stage models. Such models as Mask
R-CNN [28], Cascade R-CNN [29], PANet [30], HTC [31],
and DetectoRS [32] are typically mentioned for the two-stage

approach, where the accurate prediction ability dominates
the real-time manner. However, recent research pays more
attention to the one-stage approach, as the models are both
efficient and convenient in end-to-end designs. Models such
as YOLACT [33], SOLO [34], Mask2Former [35], FastInst
[36], and OneFormer [37] unify detection and segmentation in
a shared architecture. However, such aforementioned methods
required abundant annotated data for training to achieve high
accuracy, which is limited under the concept of camouflage
animals [10], [38].

B. Few-shot Learning in Image Segmentation

To address the image segmentation under limited data con-
ditions, the community has come up with the solution of few-
shot learning, where the models only digest a modest amount
of annotated data but still maintain accurate predictions on the
segmentation mask.

Few-shot Semantic Segmentation. Early few-shot learning
efforts primarily focused on semantic segmentation. Dong
et al. [39] introduced a prototype learning component that
extracts discriminative feature representations for class-level
segmentation. Wang et al. [30] proposed a prototype align-
ment mechanism to learn class-specific prototypes for query
segmentation. Liu et al. [40] advanced this line with a cross-
reference network and a mask refinement module to enhance
segmentation accuracy. Further, [41] presented context-aware
prototype learning, while [42] explored generative modeling
approaches. Transformer-based models have also emerged,
including RefT by Han et al. [43] and DTN by Wang et
al. [44], which enhance feature representation and segment
objects directly from references. However, as aforementioned,
such methods limit their capability in segmenting semantic
objects without considering each individual instance.

C. Few-shot Camouflage Image Segmentation

Few-shot Instance Segmentation. In the instance-level
setting, Meta R-CNN [40] extended Mask R-CNN [28] to
jointly perform detection and segmentation. iMTFA [3] also
relied on the common Mask R-CNN [28] to set up few-
shot learning with the incremental approach. Nguyen et al.
[2] proposed iFS-RCNN, introducing an incremental learning
strategy for instance segmentation. Gao et al. [45] developed
the DCFS framework, a decoupling classifier that effectively
improves both detection and segmentation performance in few-
shot scenarios. Han et al. propose RefT [43] as a simple and
unified baseline for few-shot instance segmentation. MaskDiff
[5] utilizes the architecture of a diffusion-based model to
address the task. Such methods are proposed to serve the
generic domain object detection or instance segmentation.

Few-shot Camouflage Image Segmentation. Recently,
FS-CDIS of Nguyen et al. [4] stands out as the pioneer
work proposing a few-shot learning framework for camouflage
object detection and instance segmentation with contrastive
components of instance triplet loss and instance memory
storage. This framework is generalized on top of iFS-RCNN
[2], iMTFA [3], and Mask R-CNN [28], thus presenting a
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Fig. 1. Overview of our FS-CAMOFreq framework exploiting the instance-ware frequency-based enhancement in few-shot camouflage instance segmentation.

strong baseline for derivative search in this field. In this work,
we inherit FS-CDIS [2], [4] to develop our frequency domain
enhancement in few-shot camouflage instance segmentation.

D. Data Enhancement in Camouflage Image Segmentation

Traditional image data enhancement techniques rely on low-
level feature augmentations, such as geometric transformations
[46], [47] and color space transformations [48]–[50]. However,
such methods may fall short in producing diverse samples
that fully capture the spectrum of variations in the original
dataset due to the limitation in visual representation. Indeed,
an RGB-color image limits the appearance of the scene to three
color channels. Thus, some information is not well presented,
such as global structural patterns or scale of variations, which
is better expressed under the frequency domain. Prior work
exploited the effectiveness of this derivative domain in mul-
tiple visual tasks, including image classification [16], object
detection [17], and image segmentation [18], [51]. Recently,
the CamoFA [13] extended the idea to utilize frequency-based
augmentation on camouflage research in a fully supervised
approach, which is considered a drawback when it digests
large amounts of annotated data. In this work, we leverage
the frequency domain to transform the camouflage instances
and resolve the context of limited camouflage samples.

III. PROPOSED METHOD

A. Few-Shot CIS Formulation.

In the task of few-shot learning, we have two phases of
learning, which are the base phase and the fine-tuning phase.
Corresponding to each phase, we have one set of base classes
denoted as Cbase, having a large amount of available annotated
training data, and another disjoint set of novel classes denoted
as Cnovel, containing a small amount of training data. The
small amount of data in Cnovel is limited to a few samples.
The target is to train the model to explore the knowledge in the
base data Cbase and predict well on novel data Ctest = Cnovel

[52], [53] or on both base and novel data Ctest = Cbase ∪
Cnovel [3], [4], [54]. In few-shot classification, [53] introduces
episodic training where the method sets up a series of episodes
Ei = (Iq, Si) with Si is a support set that contains N classes
from Ctrain = Cnovel ∪ Cbase along with K examples per
class (so-called N -way K-shot). A network is then trained to

classify an input query image Iq out of the classes in Si. The
purpose is to better generalize the model and achieve high
results on Cnovel via training a different classification task for
each episode. This approach is extended to object detection
(FSOD) and instance segmentation (FSIS) [2], [4], [7], [45],
[55]–[57]. Those proposals consider all objects in an image as
queries, and they have a single support set per image instead
of per query. However, FSIS is more challenging compared to
few-shot classification or FSOD, as it has to consider semantic
label, localization, and segmentation information. In our task,
given a camouflage image Iq to query the model, FSIS returns
labels yi, bounding boxes bi, and segmentation masks Mi for
all camouflage objects in Iq that belong to the set of Ctest.

B. Overview of Our FS-CAMOFreq Framework.

General Framework. Building on top of FS-CDIS [4], a
pioneering work in few-shot camouflage object detection and
instance segmentation, our proposed FS-CAMOFreq frame-
work exploits the frequency-based data enhancement inspired
by CamoFA [13] in an instance-aware manner. The ultimate
goal is to provide more information to the model via the
domain of frequency, where the global structural pattern and
scale of variations are better expressed. We adopt the baseline
of FS-CDIS architecture [4] with the version based on iFS-
RCNN [2], which utilizes a two-stage training and fine-tuning
scheme (illustrated in Figure 1). In the base phase, our model
is trained on the COCO [58] dataset with abundant annotated
data from 80 categories to achieve the base weights. Refer-
enced from [4], the base weight reported from the ResNet-
101 backbone trained on 80 classes of the COCO dataset
yields the finest results among configurations. These weights
are then utilized in the fine-tuning stage to continue to learn
from novel camouflage categories from CAMO-FS [4] using
a few samples of K = {1, 5}.

Few-Shot Fine-Tuning. Following the methodology of FS-
CDIS [4] and iFS-RCNN [2], the input query images are
processed through a feature extractor F , comprising a back-
bone network B, RoI align, RoI feature extraction modules,
and a region proposal network. The model incorporates three
specialized heads to support classification C, bounding box
regression R, and mask prediction M . To this end, we employ
the novel probit classifier for C and the uncertainty-guided



TABLE I
SOTA COMPARISON OF OUR FS-CAMOFREQ EVALUATED ON CAMO-FS [4]. THE UTILIZED BACKBONES ARE COCO-80 FPN-RESNET-101.

Model nAP nAP50 nAP75

Instance Segmentation Object Detection Instance Segmentation Object Detection Instance Segmentation Object Detection
Method Backbone/

Num. of shots 1 5 Avg. 1 5 Avg. 1 5 Avg. 1 5 Avg. 1 5 Avg. 1 5 Avg.

MTFA [3] 2.48 6.40 4.44 1.98 6.17 4.08 4.24 9.89 7.07 4.12 9.94 7.03 2.38 8.04 5.21 1.47 6.40 3.94
M-RCNN [28] 4.08 8.29 6.19 2.82 6.18 4.50 6.91 13.89 10.40 6.78 13.92 10.35 4.34 8.18 6.26 1.45 4.51 2.98
iFS-RCNN [2]

COCO-80
ResNet-50 4.17 6.38 5.28 3.92 6.60 5.26 6.19 10.02 8.11 6.23 10.15 8.19 4.93 7.32 6.13 4.47 7.17 5.82

MTFA [3] 3.66 5.95 4.81 2.93 5.84 4.39 5.37 8.67 7.02 5.86 9.13 7.50 4.09 6.94 5.52 2.20 6.04 4.12
M-RCNN [28] 4.39 10.09 7.24 3.03 7.79 5.41 7.58 15.41 11.50 7.53 15.86 11.70 4.53 11.90 8.22 1.42 5.34 3.38
iFS-RCNN [2] 4.27 7.80 6.04 3.79 8.08 5.94 5.98 11.35 8.67 5.92 11.52 8.72 4.75 9.15 6.95 4.46 9.24 6.85
FS-CDIS-ITL* [4] 5.35 9.35 7.35 4.71 10.36 7.54 7.80 14.01 10.91 7.85 14.40 11.13 6.04 11.57 8.81 5.51 11.32 8.42
FS-CDIS-IMS* [4]

COCO-80
ResNet-101

2.99 9.03 6.01 2.74 8.44 5.59 4.62 12.48 8.55 4.81 13.18 9.00 3.36 9.82 6.59 2.98 9.69 6.34

Our performance

Baseline FS-CAMOFreq † 5.55 8.21 6.88 5.34 8.82 7.08 8.42 12.07 10.25 8.49 12.86 10.68 6.19 9.58 7.89 5.98 9.22 7.60
FS-CAMOFreq (ours)

COCO-80
ResNet-101 5.71 8.31 7.01 5.56 8.89 7.23 8.50 11.72 10.11 8.56 12.11 10.34 6.46 9.53 8.00 6.25 9.49 7.87

* denotes the FS-CDIS results built on top of iFS-RCNN [2]
† denotes our reproduced baseline FS-CDIS iFS-RCNN [2], [4] on our upgraded CUDA version 12.4

bounding box predictor for R from the base model iFS-
RCNN [2]. During the first training phase on base categories
Cbase from COCO, all components are jointly optimized.
In the subsequent fine-tuning stage for novel categories of
CAMO-FS, the backbone B is frozen to preserve learned
representations, and only the three prediction heads C, R,
and M are updated to adapt to new class instances. In our
implementation of FS-CAMOFreq, we strictly adhere to this
two-stage process to fine-tune on few-shot settings.

C. Instance-Aware Frequency-Based Data Enhancement.

In this work, we propose an instance-aware frequency do-
main enhancement strategy specifically tailored for camouflage
images. Concretely, we apply frequency-based transformations
selectively to the non-instance regions, leaving the target
object unaltered. This targeted manipulation aims to amplify
the visual contrast between the foreground instance and its
background, thereby making the camouflaged object more dis-
tinguishable to the segmentation model. The below Equation
1, 2, and 3 well express the procedure.

Let I be the query image and IR a reference image taken
from the intra-class training set with IR. Let M ∈ {0, 1}H×W

be the binary mask where Mi,j = 1 denotes foreground pixels
and 0 otherwise. We first transform both images into the
frequency domain via Fast Fourier Transform:

F(I) = A(I) · ejϕ(I), F(IR) = A(IR) · ejϕ(IR) (1)

To perform instance-aware augmentation, we swap the am-
plitude of the background (where M = 0) with that of the
reference image IR, while keeping the original foreground
amplitude and phase unchanged:

Am = M · A(I) + (1−M) · A(IR) (2)

Finally, the augmented image I∗ is reconstructed via inverse
Fast Fourier Transform iFFT:

I∗ = F−1(Am · ejϕ(I)) (3)

resulting in a new image that retains the spatial structure of the
query but exhibits enriched frequency characteristics derived
from the reference image. This augmentation is performed
in an instance-aware fashion, ensuring that the frequency
blending process is applied selectively to regions guided by

the instance mask, thus preserving semantic consistency while
enhancing visual diversity.

IV. EXPERIMENTS

A. Experimental Configurations

Few-shot CIS Benchmark. In few-shot CIS, we observe
a shortage of benchmark datasets established to evaluate the
task. Following the work of Nguyen et al., we evaluate our
FS-CAMOFreq on the challenging CAMO-FS [4] dataset.
CAMO-FS is proposed as the pioneer dataset in the camou-
flage domain to support multiple vision tasks, publishing labels
in all classification, object detection, and instance segmenta-
tion tasks. It is prepared to evaluate few-shot learning with
annotation in COCO JSON format. CAMO-FS includes 2, 852
images in total, providing 197 images (with 235 instances) for
training few-shot learning and the remaining 2, 655 images
(with 3, 107 instances) for testing.

Settings. Based on the published settings of the FSOD and
FSIS methods [1]–[4], [55], [57], we set up the configurations
for our FS-CAMOFreq framework. We use the recent baseline
FS-CDIS [4] built on top of iFS-RCNN [2] to conduct our
experiments. The implementation uses the base framework of
Detectron2 [59], the backbone is the common ResNet-101 [60]
with Feature Pyramid Network [61]. Basically, the models are
trained in two stages: base phase and novel fine-tuning phase.
In the base phase, we train the framework with abundant
annotated data taken from 80 semantic classes with over
118K images in the training set of the generic COCO dataset
[58]. This base training stage strictly follows the instructions
of Detectron2 [59] regarding training configurations. In the
novel phase, we fine-tune the model on K = {1, 5} shots
corresponding to each novel class. The learning rate in this
stage is lr = 0.01 with batch size bz = 16 inferred from
iFS-RCNN [2]. Other training hyperparameters of the novel
phase are followed by FS-CDIS [4] settings. After training, the
framework is evaluated on the test set of CAMO-FS, which
includes 2, 655 images with 3, 107 instances of 47 camouflage
classes, to obtain the final performance. Please visit [2], [4] or
[59] for more details on other parameters of both the training
and testing phases. Our models are trained and tested on a
single GeForce RTX 3090 Ti GPU with CUDA version 12.4.



Fig. 2. Visualization results of our FS-CAMOFreq on the CAMO-FS [4]. The
results are visualized under the configuration of the 5-shot setting, where the
instance-aware frequency-based enhancement is already applied. Best viewed
in color and zoomed in.

The Fast Fourier Transform (FFT) and the inverse version iFFF
functions are implemented using the PyTorch FFT package.

Evaluation metrics. To report our object detection and in-
stance segmentation results, we leverage COCO-based average
precision (AP) and average recall (AR) metrics. In detail, we
report AP@50 and AP@75, along with AR@10. We also
report AP and AR at different scales of small, medium, and
large. Please reach this site https://cocodataset.org/#detection-eval for
details on the evaluation metrics.

B. State-of-the-art Few-shot CIS Comparison

To demonstrate the contribution of our FS-CAMOFreq, we
establish experiments on the CAMO-FS benchmark [4] and
compare our performance with other state-of-the-art (SoTA)
methods in this few-shot approach, including Mask R-CNN
[28], iMTFA [3], iFS-RCNN [2], and the baseline FS-CDIS
[4]. We report the results of K = {1, 5} shots to represent
the extreme cases of one and few samples in CAMO-FS. By
the way, we provide nAP, nAP50, and nAP75 on each result.
We also leveraged the published source code of the aforemen-
tioned models to reproduce and report their results. Table I
presents the evaluation of our FS-CAMOFreq among SoTA
methods under different backbones. Among metrics, the nAP
is the most important to express the effectiveness of a method,
followed by nAP50 and nAP75. To this end, our baseline FS-
CAMOFreq implemented on a newer compatible version of
CUDA 12.4 (compared to the previous version published in
[4]) yields higher accuracy of 5.55% on 1-shot and 8.21% on
5-shot instance segmentation; the respective values in object
detection are 5.34% and 8.82%. Then we improve on top of the
baseline, which is best described in nAP and nAP75 metrics.
In detail, we achieve the following results measured by nAP,
nAP50, and nAP75: 5.71%, 8.50%, 6.46% in 1-shot instance
segmentation; 8.31%, 11.72%, 9.53% in 5-shot instance seg-
mentation. The performance in object detection also increases
by a large margin. The report demonstrates the effectiveness of
our instance-aware frequency-based data enhancement method
by providing information related to structural patterns and
variations to the few-shot models.

Ablation Study on Instance Augmentation. In Table II,
we present an ablation study where frequency-based augmen-
tation is applied to the foreground region Mi,j = 1 instead
of the background. This inverse setting, where foreground
amplitudes are replaced with those from a reference image,

TABLE II
ABLATION STUDY OF OUR FS-CAMOFREQ ON INSTANCE REGION

AUGMENTATION EVALUATED ON CAMO-FS [4].

FS-CAMOFreq Detection Segmentation

Num. of shots nAP nAP50 nAP75 nAP nAP50 nAP75

1 5.63 8.38 6.44 5.31 8.44 5.97
2 5.64 8.10 6.56 5.65 8.36 6.49
3 4.94 7.17 5.71 5.16 7.35 5.78
5 6.12 9.01 6.59 6.84 9.64 7.53

Avg. 5.58 8.17 6.33 5.74 8.45 6.44

results in performance degradation. The decline suggests that
altering foreground features disrupts camouflage cues, leading
to model confusion and reduced accuracy.

Discussion. In Figure 2, we visualize the results of our
FS-CAMOFreq on the 5-shot setting. Although the proposed
method leads to improvements in nAP, the overall prediction
quality remains limited. While the model successfully han-
dles many cases, it still encounters failures such as missed
detections, over-segmentation, and misclassification when the
camouflage images appear to be difficult. With the reported
results, we claim the impact of the frequency domain aug-
mentation to the camouflage instance segmentation under a
few-shot learning context. However, as observed in the work
of [13], despite the improvement in all fully supervised con-
figurations of different baseline methods, the absolute values
of improvement are limited. Thus, the improvement when we
extend the approach to a few-shot learning task, which is
intense due to the limited samples, is also challenging.

V. CONCLUSION

In this paper, we address the challenging task of few-shot
instance segmentation in camouflaged scenarios, where subtle
differences between foreground and background limit the
effectiveness of conventional approaches. While prior methods
primarily rely on color space augmentations, we introduce
FS-CAMOFreq, a novel framework that enriches image rep-
resentations through instance-aware frequency domain aug-
mentation. By leveraging the frequency spectrum information,
our method enhances feature diversity without compromising
semantic coherence, enabling better generalization under low-
data camouflage constraints. Extensive experiments on the
CAMO-FS benchmark validate the superiority of our approach
over existing state-of-the-art baselines, highlighting the poten-
tial of frequency-based augmentations in advancing few-shot
instance segmentation. Our future directions include exploring
the adaptive frequency approach and applying our framework
to other dense prediction tasks under limited supervision.
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