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Abstract

At the core of Camouflaged Object Detection (COD) lies
segmenting objects from their highly similar surroundings.
Previous efforts navigate this challenge primarily through
image-level modeling or annotation-based optimization.
Despite advancing considerably, this commonplace prac-
tice hardly taps valuable dataset-level contextual informa-
tion or relies on laborious annotations. In this paper,
we propose RISE, a Retrleval SElf-augmented paradigm
that exploits the entire training dataset to generate pseudo-
labels for single images, which could be used to train COD
models. RISE begins by constructing prototype libraries for
environments and camouflaged objects using training im-
ages (without ground truth), followed by K-Nearest Neigh-
bor (KNN) retrieval to generate pseudo-masks for each im-
age based on these libraries. It is important to recognize
that using only training images without annotations exerts
a pronounced challenge in crafting high-quality prototype
libraries. In this light, we introduce a Clustering-then-
Retrieval (CR) strategy, where coarse masks are first gener-
ated through clustering, facilitating subsequent histogram-
based image filtering and cross-category retrieval to pro-
duce high-confidence prototypes. In the KNN retrieval
stage, to alleviate the effect of artifacts in feature maps,
we propose Multi-View KNN Retrieval (MVKR), which inte-
grates retrieval results from diverse views to produce more
robust and precise pseudo-masks. Extensive experiments
demonstrate that RISE outperforms state-of-the-art unsu-
pervised and prompt-based methods. Code is available at
https://github.com/xiaohainku/RISE.
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Figure 1. LEFT: t-SNE visualization of DINOv?2 [54] features and
segmentation results from previous unsupervised methods. The
highly similar characteristics between the camouflaged object and
its environment cause the intra-image similarity-based approach to
underperform on the COD task. RIGHT: Similarity distributions
of global features of camouflaged objects and environments on the
respective foreground and background prototype libraries. These
prototype libraries are constructed from the COD dataset. Both the
camouflaged object and the environment show a higher similarity
to their corresponding prototype libraries, suggesting that dataset-
level information can be effectively utilized to distinguish between
the highly similar foreground and background in a single image.

1. Introduction

Camouflaged Object Detection (COD) [14] is dedicated to
segmenting objects meticulously concealed within their sur-
roundings. Existing research efforts have predominantly
concentrated on leveraging contextual information within
individual images to accurately delineate and extract cam-
ouflaged objects from visually homogeneous backgrounds.

Mainstream supervised learning methods, including
fully supervised [15, 32, 48, 55, 71, 75], weakly super-
vised [7, 8, 20, 25, 73], and semi-supervised [37, 79], ex-
ploit varying degrees of single-image-level supervised sig-
nals, such as dense annotations, scribbles, bounding boxes,
and categories, to model the intrinsic relationship between
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camouflaged objects and their environments. Despite ad-
vancements, these methods remain constrained, to varying
degrees, by the time-consuming annotation process.

To address this limitation, prompt-based segmenta-
tion [28, 29, 65] has emerged as a promising alternative.
This approach leverages pre-trained foundation models and
task-specific prompt words to localize camouflaged objects,
subsequently generating prompts for the Segment Anything
Model (SAM) [35] to perform segmentation. However, this
paradigm still relies on some form of supervision and is fun-
damentally constrained by the limited camouflage-specific
contextual understanding embedded in a single image.

Unsupervised COD, which further omits task-specific
prompts compared to prompt-based segmentation, thus far
represents a largely uncharted research territory. A straight-
forward practice is to migrate general unsupervised meth-
ods [53, 61, 68] to COD. However, as highlighted in Fig. 1,
these methods, which rely solely on feature similarity
within a single image, often struggle to differentiate be-
tween the foreground and background due to the high simi-
larity between the camouflaged object and its surroundings.

Both prompt-based segmentation and unsupervised ap-
proaches demonstrate substantial performance gaps com-
pared to supervised methods, primarily attributable to insuf-
ficient COD-specific contextual understanding. This limi-
tation manifests in two critical aspects: firstly, foundation
models trained on general datasets are not optimized for the
unique challenges posed by COD; more significantly, both
paradigms focus predominantly on intra-image relation-
ships, ignoring potentially valuable dataset-level contex-
tual information that could significantly enhance the dif-
ferentiation between foreground and background objects.

Without fine-tuning foundation models to enrich
camouflage-specific contextual understanding, we would
like to ask: how could dataset-level contextual information
be effectively leveraged to segment targets in single images?

In this light, we introduce RISE, a retrieval self-
augmented paradigm designed to effectively utilize dataset-
level contextual information. RISE segments camouflaged
objects by retrieving prototypes from libraries derived di-
rectly from the COD dataset. Unlike conventional retrieval-
augmented methods [3, 34, 69], which rely on external data
sources for prototype libraries, RISE extracts high-quality
prototypes directly from the camouflaged dataset itself, in
an annotation-free manner.

In the absence of annotations, we introduce Clustering-
then-Retrieval (CR), a method to extract high-quality, noise-
resistant prototypes for both the environment and camou-
flaged objects from available images. CR begins by generat-
ing a coarse mask for each image using spectral clustering.
Based on this mask, CR then constructs prototypes for the
camouflaged object and environment by retrieving features
that exhibit the least similarity to the respective background

or foreground regions.

During the retrieval stage, we use K-Nearest Neighbor
(KNN) to identify feature categories. However, artifacts in
the foundation model’s feature maps may introduce noise
into the retrieval results. While fine-tuning the model with
new tokens is a common solution [11], we propose a sim-
pler yet effective alternative: Multi-View KNN Retrieval
(MVKR). Recognizing that the location of these artifacts
can vary with the image’s viewpoint, MVKR mitigates their
impact by combining retrieval results from images captured
from multiple viewpoints, without any fine-tuning.

Comprehensive experiments across a range of bench-
mark datasets substantiate the effectiveness of our pro-
posed method in segmenting camouflaged objects from
their highly similar surroundings. Additionally, our ap-
proach significantly reduces the time required to generate
high-quality pseudo-masks. In contrast to prompt-based
segmentation methods, which may take days to generate
masks for the entire dataset (4,040 images), our method
completes the task in hours, with far less GPU memory us-
age. We succinctly summarize the key contributions of our
work as follows:

* We present a new paradigm for unsupervised COD by
leveraging the COD dataset to construct prototype li-
braries, which serve as the foundation for retrieving cam-
ouflaged objects. In contrast to existing methods that rely
on the features of individual images, our approach har-
nesses the global information at the dataset level, enabling
a more accurate capture of the subtle distinctions between
camouflaged objects and their background.

* We propose CR to extract environmental and camou-
flaged object prototypes from COD datasets. CR utilizes
available camouflaged images, rather than external ones,
and incorporates a unique joint clustering and retrieval
mechanism to distinguish and mine prototypes, eliminat-
ing the need for manual annotations. Based on the proto-
type libraries, we propose Multi-View KNN Retrieval to
segment camouflaged objects from the environment.

* Our extensive experiments validate the effectiveness of
the proposed method.

2. Related Work
2.1. Camouflaged Object Detection

Camouflaged Object Detection has garnered growing re-
search interest credited to its unique challenges and vast
utility [16, 72]. Existing methods can be categorized based
on their degree of dependence on annotations into fully
supervised learning, weakly supervised learning, prompt-
based segmentation, and unsupervised learning.

As the most fully developed and mature branch, ad-
vances in fully supervised methods have consistently em-
braced the theme of maximizing the use of dense annota-
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tions. By developing camouflage-specific modules [14, 15,
17, 19, 30, 31, 42, 51, 52, 70, 74, 76, 77, 80], incorpo-
rating additional supervised signals (boundary [6, 64, 86],
frequency [43, 44, 85], depth [71], category [56, 81]),
or adopting innovative learning paradigms (joint model-
ing [40, 49], uncertainty-guided learning [75], bio-inspired
mechanism [32, 55], unfolding network [24], generation-
based strategy [9, 21, 38, 63, 78, 82], general model [47,
48, 83, 84]), fully supervised learning seeks to effectively
model the relationship between camouflaged objects and
their environment based on manual labeling. However, this
advancement comes with a non-negligible labeling cost, as
labeling a single image can take up to an hour [14].

To alleviate the burden of pixel-level dense annota-
tions, weakly supervised methods leverage easily acces-
sible sparse annotations—such as scribbles [25], bound-
ing boxes [79], points [7], or categories [26]—to segment
camouflaged objects in a cost-effective manner. This is
achieved through carefully designed loss functions [25], re-
fined pseudo-masks from pre-trained segmentation mod-
els [20, 22], or bio-inspired detection processes [7]. To
further reduce the need for labeling, another line of re-
search, prompt-based segmentation [28, 29, 65], explores
the “foundation models + SAM” paradigm for training-
free COD using task-level prompt words. However, both
types of methods exhibit significant performance gaps com-
pared to fully supervised methods, due to limited informa-
tion in sparse annotations or limited generalization abilities
of foundation models when applied to camouflage contexts
rather than general scenarios [45].

Compared to previous methods, unsupervised ap-
proaches are particularly challenging, as they do not rely on
labels or task-specific prompt words, making them an un-
derexplored area in COD. Conventional unsupervised meth-
ods [53, 60, 61, 66] typically differentiate between fore-
ground and background based on feature similarity within a
single image. A common paradigm [1, 10, 67, 68] is to con-
struct a graph where features serve as nodes and the similar-
ities between them form the edges, then apply Normalized
Cut [59] to the graph for node segmentation. However, the
highly similar characteristics of foreground and background
in a single image cause these unsupervised methods, which
perform well on general images, to underperform in COD.

Our approach pertains to unsupervised COD. Unlike tra-
ditional unsupervised methods that rely on image-level fea-
ture similarity, our proposed RISE focuses on dataset-level
similarity and seeks to utilize cross-image information to
separate camouflaged objects from the background.

2.2. Retrieval-Augmented Methods

In the context of natural language processing, Retrieval-
Augmented Generation (RAG) [4] aims to enhance the
accuracy and richness of generated content by combin-

ing information retrieval and generative models to retrieve
relevant information from external knowledge bases. In
the field of computer vision, the emergence of founda-
tion models, especially self-supervised [5, 54] and gener-
ative models [23, 27, 58], has spawned a new paradigm
for segmentation: retrieval-augmented semantic segmen-
tation [3, 34, 69]. This line of research focuses on craft-
ing prototype libraries of different categories through these
foundation models and accomplishing segmentation of spe-
cific categories through retrieving from the prototype li-
braries.

Our proposed retrieval self-augmented method, RISE,
draws parallels to retrieval-augmented semantic segmenta-
tion. However, instead of relying on external models to gen-
erate prototype libraries, our approach extracts high-quality
prototypes from the COD dataset itself through our unique
clustering-then-retrieval mechanism.

3. Method

In this paper, we tackle the problem of unsupervised
camouflaged object detection with a simple retrieval self-
augmented pipeline. Our work draws inspiration from
conventional unsupervised segmentation methods [61, 68],
which capitalize on the similarity between self-supervised
representations to segment objects. While these methods
primarily focus on feature similarity within a single image,
our proposed retrieval-based approach leverages dataset-
level information to effectively segment camouflaged ob-
jects. The overview of our retrieval self-augmented pipeline
is illustrated in Fig. 2. First, we introduce Clustering-then-
Retrieval (CR), a method that generates prototype libraries
for camouflaged objects and environments using the COD
dataset (Sec. 3.1). Second, leveraging the prototype li-
braries from CR, we apply KNN retrieval to each image in
the training set to generate pseudo-masks, which could be
used to train the model (Sec. 3.2).

3.1. Clustering-then-Retrieval

Unlike retrieval-augmented segmentation [34], which uses
diffusion models to generate prototypes, we aim to mine
domain-adapted prototypes directly from the COD dataset.
However, in the absence of annotations, the key challenge
lies in distinguishing between foreground and background
to ensure that the resulting prototype library contains mini-
mal noise. To this end, we propose CR to mine high-quality
prototypes from the dataset. CR first employs spectral clus-
tering to generate coarse masks, which roughly distinguish
camouflaged objects from the environment. It then uses
mask-averaged pooling to obtain global features that char-
acterize either the foreground or the background. Based on
these global features, CR employs retrieval to select appro-
priate local features as the prototypes.
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Figure 2. Overview of RISE. RISE is composed of two main stages: Clustering-then-Retrieval (CR) and KNN Retrieval. These stages
work together to generate prototype libraries and retrieve camouflaged objects. In the CR phase, we start by clustering the feature maps
from DINO for each image in the dataset, which generates a coarse mask. This mask allows us to extract both local and global features
for the foreground and background. Using cross-category retrieval, we then retrieve high-quality prototypes from the local features. By
aggregating the prototypes across all images, we create the final foreground and background prototype libraries. In the second stage, KNN
retrieval, we apply KNN to identify the top- /K most similar prototypes in prototype libraries for each feature in the feature map. A voting
mechanism is then used to classify each feature as either foreground or background.

Spectral clustering The first step for CR is to employ spec-
tral clustering to generate coarse masks. Compared to clus-
tering high-dimensional features directly, spectral cluster-
ing maps the data to a low-dimensional space using feature
decomposition by constructing the feature similarity matrix
and Laplacian matrix, and then clustering using KMeans.
Given the image I € R¥>*W>3 from COD training set,
we utilize self-supervised model DINOv2 [54] to extract the
feature map F' € RM>*wxd where d denotes feature dimen-
sion. We then construct an undirected graph G = (V, &)
based on the feature maps, with local features F;; € R4
as nodes and cosine similarity between features as edges.
After getting the flattened feature map F/ € RM*? the
adjacency matrix W of the graph G is formulated as

W . — H (1)
R
In this paper, we consider negative similarity as 0,
W;; = max(Wj;,0). (2)

The Laplacian matrix for G is then given by D — W,

where D with D ; = >, Wj j indicates the diagonal ma-
trix. The normalized Laplacian could be derived by

N|=

L=D 3(D-W)D"~ 3)

We take the eigenvectors of L as new features and adopt
KMeans to cluster the features into two clusters. A simple
prior is then adopted to assign foreground or background
categories to these two clusters: the foreground is usually at
the center of the image, and thus occupies a lower propor-
tion of border pixels compared to the background. In this
way, we obtain the coarse mask M € RAxw,
Cross-category retrieval The second step for CR is to em-
ploy aretrieval-based method to extract prototypes from im-
ages. Given the mask M from spectral clustering, We em-
ploy mask-averaged pooling to obtain the global features
for the foreground and background, respectively.
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Figure 3. LEFT: Histogram of the global feature similarity dis-
tribution across all images in the dataset. In this study, we focus
only on the similarity values to the left of the peak (indicated by
the red dashed line). RIGHT: Multi-View KNN Retrieval. To mit-
igate noisy retrieval results (highlighted in the red box) caused by
artifacts in the feature map, we combine the masks generated by
transforming the image through different viewpoints, resulting in
a final fused mask.

It is notable that despite some noise in M, average pool-
ing enables each global feature to roughly characterize the
corresponding category. We then derive the foreground and
background feature sets by

Se={Fi; | Mj;j=1,1<i<h1<j<w}, (6
Sb=1{Fi; | Mj;=0,1<i<h1<j<w} (7

To select the foreground prototype, we identify the fea-
ture from the foreground set S¢ that is least similar to the
global background feature F§. This can be expressed as:

s-F&
Pf = arg min (b> . (8)
sese \ [[s[l|[Fyll

Notably, we do not select the foreground prototype based
on the most similar feature to the global foreground feature
F§. This design choice is intentional: by choosing the fore-
ground feature least similar to the global background fea-
ture, we enhance the distinction between the foreground and
background prototypes. This differentiation is crucial for
distinguishing camouflaged objects from the environment
during the KNN retrieval stage. Our ablation experiments
in Tab. 2 show that this cross-category retrieval strategy sig-
nificantly improves performance.

Similarly, the background prototype is chosen by select-
ing the feature that is least similar to the global foreground
feature from the background feature set:

s-F¢
PP = arg min (f> . )]
sesu \ [Is[lIFE ]|

Histogram-based image filtering The prototype libraries
are constructed by aggregating prototypes from each image
in the dataset. However, since spectral clustering may yield
inaccurate segments for certain images, the prototypes from

these images may not accurately represent the correspond-
ing categories. Given that erroneous clustering reduces the
distinction between foreground and background, thereby in-
creasing the similarity between their global features, we
propose a histogram-based adaptive thresholding method to
filter out images with high similarity.

We first employ spectral clustering to generate coarse
masks for each image in the dataset and calculate the global

o F& FE2

feature similarity =gf—Lter

Y IFEIE e
masks. The histogram of these similarities is shown on the
left of Fig. 3. The distribution roughly forms a single peak.
In this paper, we select the similarity corresponding to the
peak’s vertex as the adaptive threshold, considering only
images with a similarity below this threshold. We denote
the final foreground and background prototype libraries by
{Pf}n_ | and {PP}" ., respectively, where n indicates the
number of prototypes.

for each image based on these

3.2. Multi-View KNN Retrieval

In this part, we introduce using KNN retrieval to gener-
ate pseudo-masks for each image in the dataset based on
prototype libraries from CR. Similarly, given the image
I € REXWX3 e first extract its feature map F € R?>wxd
using DINOV2. For each local feature F;; € R%, we ap-
ply KNN to find the top-K most similar prototypes from
{Pf}7 | and {PP}" ., using cosine similarity to measure
the similarity between F;; and the prototypes. To clas-
sify each feature F ; as foreground or background, we use
a voting mechanism over the top-K retrieved prototypes.
This process is repeated for all features in F' , yielding the
pseudo-mask m € R"**_ After upsampling, the final mask
matching the resolution of I could be obtained.

However, artifacts (features that do not reflect the true
semantics of the image) in the feature maps may introduce
noise into the retrieval results. Since the location of these
artifacts varies with the image’s viewpoint, we propose a
Multi-View KNN Retrieval (MVKR) method that does not
require fine-tuning. MVKR reduces the impact of artifacts
by combining retrieval results from images derived from
different viewpoints.

As illustrated on the right of Fig. 3, we first generate
multiple views of the same image by applying transforma-
tions such as flipping or rotating. For each transformed im-
age, we perform KNN retrieval to obtain the corresponding
mask for the given viewpoint. To recover the mask for the
normal view, we apply an inverse transformation. Finally,
we use a voting mechanism to combine these masks into a
single, unified result.
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[ CHAMELEON [ CAMO [ CODI10K NC4K
Method Feat. Extra. / SAM | Venue ‘ ST EB.1 F3i M7 ‘ S B, FeT M1 ‘ 5.7 B, 1 F51 M1 ‘ ST E,1 F51 M7
Unsupervised S
LOST DINO-ViT-S16 BMVC2I | 0.631 0713 0418 0.145 | 0.644 0.688 0450 0.166 | 0.673 0.722 0433 0.095 | 0705 0.748 0532 0.118
DeepSpectral | DINO-ViT-S8 CVPR22 | 0.662 0.677 0465 0.187 | 0.640 0.659 0457 0215 | 0.621 0.625 0363 0.162 | 0719 0739 0542 0.133
DeepSpectral | DINOV2-ViT-L14 | CVPR22 | 0.605 0.613 0402 0225 | 0.560 0.563 0366 0292 | 0493 0472 0227 0314 [ 0588 0.588 0378 0.255
TokenCut DINO-ViT-S16 CVPR22 | 0.687 0757 0516 0.115 | 0.661 0717 0498 0157 | 0.682 0729 0468 0.095 | 0752 0.804 0.614 0.093
TokenCut DINOV2-ViTL14 | CVPR22 | 0708 0.747 0510 0.078 | 0.608 0.612 0385 0.148 | 0.637 0.672 0370 0.077 | 0.697 0731 0511 0.095
MaskCut DINO-ViT-B8 CVPR23 | 0.636 0.662 0448 0.194 | 0.646 0.653 0454 0206 | 0.626 0.628 0363 0.170 | 0.708 0717 0518 0.152
MaskCut DINOV2-ViTL14 | CVPR23 | 0.653 0.665 0462 0.169 | 0.628 0.656 0439 0200 | 0.607 0.624 0346 0.165 | 0.683 0.710 0498 0.152
FOUND DINO-ViT-S8 CVPR23 | 0.609 0.616 0374 0215|0572 0571 0379 0280 | 0522 0503 0252 0247 | 0.610 0.613 0399 0216
FOUND DINOV2-ViT-L14 | CVPR23 | 0.656 0731 0459 0.115 | 0.590 0.635 0378 0.166 | 0.636 0710 0.394 0.088 | 0.669 0.734 0.483 0.113
ProMerge DINO-ViT-B8 ECCV24 | 0712 0757 0534 0087 | 0.692 0732 0.542 0134 | 0714 0756 0504 0.078 | 0.773 0.817 0.639 0.081
ProMerge DINOV2-ViT-L14 | ECCV24 | 0.741 0787 0567 0.085 | 0.679 0706 0502 0.142 | 0.674 0714 0435 0081 | 0726 0.771 0558 0.096
VoteCut DINO(v2) Ensemble | CVPR24 | 0.699 0.763 0.556 0.138 | 0.663 0.708 0.506 0.158 | 0.702 0.763 0.504 0.092 | 0.756 0.812 0.628 0.094
VoteCut DINOV2-ViT-L14 | CVPR24 | 0.679 0.695 0484 0.110 | 0.580 0.572 0356 0.164 | 0.645 0.673 0390 0.082 | 0.674 0.694 0476 0.104
DiffCut SSD-1B NeurIPS24 | 0.574 0.613 0390 0220 | 0.627 0.662 0454 0.185 | 0.628 0.667 0372 0.120 | 0.693 0.739 0514 0.122
RISE DINO-ViT-S16 - 0.670 0738 0489 0.095 | 0.655 0712 0494 0.35 | 0716 0.790 0518 0063 0754 0814 0.627 0.083
RISE DINO-ViT-B16 - 0.679 0741 0508 0.090 | 0.664 0715 0507 0.132 | 0.724 0795 0526 0062 0759 0.818 0.633 0.081
RISE DINOV2-ViT-S14 | - 0762 0810 0.631 0068 | 0.684 0726 0532 0.127 | 0.741 0.814 0564 0059 0788 0.847 0.674 0.069
RISE DINOv2-ViT-Bl4 | - 0.805 0.858 0.675 0.052 | 0.722 0.775 0.587 0.113 | 0753 0.827 0.578 0.053 0.797 0.860 0.687 0.064
RISE DINOV2-ViT-L14 | - 0822 0.884 0720 0.050 | 0.734 0.787 0.610 0.109 | 0.763 0.840 0.600 0.049 0.805 0.868 0.705 0.061
Prompt-based Segi ation
WS-SAM* | SAM-ViT-H NeurIPS23 | 0.795 0.824 0.676 0.099 | 0.781 0.807 0.658 0.108 | 0.787 0.838 0.622 0.057 | 0.829 0.867 0.727 0.063
GenSAM SAM-ViT-H AAAI24 | 0.659 0716 0495 0.153 | 0.633 0.673 0458 0188 | 0.641 0.675 0390 0.136 | 0702 0744 0524 0.128
ProMac SAM-ViT-H NeurIPS24 | 0.786 0.842 0.665 0.066 | 0.754 0812 0.645 0.101 | 0.774 0.835 0.609 0.052 | 0.812 0.862 0.711 0.065
RISE SAM-ViT-H - 0.823  0.882 0733 0.055 | 0.760 0.807 0.651 0.102 | 0.790 0.854 0.643 0.044 0825 0.874 0.736  0.056
Table 1. Comparisons with unsupervised and prompt-based segmentation methods across four commonly used benchmark datasets. “{/)”:

The higher/lower the better. “*”: The prompts for SAM are derived by manual labeling. The best and second-best results are bolded and

underlined to highlight, respectively.

4. Experiment

4.1. Experimental setup

Datasets and evaluation metrics Following previous
works, our training dataset consists of 3,040 images
from CODIOK [14] and 1,000 images from CAMO [39].
We test our method on four widely used benchmarks:
CHAMELEON (76 test images) [62], CAMO (250 test
images), COD10K (2,026 test images), and NC4K (4,121
test images) [49]. We employ four metrics for evaluation,
including structure measure (S,) [12], mean E-measure
(E4) [13], weighted F-measure (F[;) [50] and mean abso-
lute error (M) [57].

Implementation details In this paper, we focus on generat-
ing pseudo-masks for training COD models, rather than de-
signing the models themselves. We choose SINet-V2 [15]
as the training model, and the whole training process is
identical to SINet-V2. We employ the self-supervised
model DINOvV2-ViT-L14 [54] as the feature extractor and
extract features from the last layer. During Multi-View
KNN Retrieval, we retrieve the top-K most similar proto-
types from the prototype libraries, with K set to 512. To
generate multiple views of each image, we apply horizontal
and vertical flipping, as well as rotations (90°, 180°, and
270°). The FAISS library [33] is used for efficient retrieval.
All images are resized to 476 x 476.

4.2. Comparisons with state-of-the-arts

Comparison methods We compare our method with both
unsupervised and prompt-based segmentation approaches.
For the unsupervised setting, we re-implement eight state-
of-the-art methods on COD using their official codes.

These include seven DINO(v2)-based methods (DeepSpec-
tral [53], LOST [60], FOUND [61], TokenCut [68], Mask-
Cut [67], VoteCut [1], ProMerge [41]), and one diffusion
model-based method, DiffCut [10]. For the DINO(v2)-
based methods, following CuVLER [1], we resize images
to 480 x 480 for DINO and 476 x 476 for DINOv2. To en-
sure a fair comparison, we remove all post-processing tech-
niques, such as bilateral solvers [2] and conditional random
fields [36]. For methods like MaskCut that produce multiple
masks, we combine them into a single binary mask. We also
observe that some DINO-based methods, such as ProMerge,
perform poorly with DINOvV2 as the feature extractor. In
this situation, we tune the main hyperparameters and experi-
ment with features at different locations (Query, Key, Value,
QKYV, and last layer) to optimize performance. For prompt-
based setting, we integrate our method with SAM [35] by
extracting bounding boxes from pseudo-masks, which serve
as prompts for SAM. We select three methods for compar-
isons: GenSAM [28], ProMac [29], and WS-SAM [20]. For
GenSAM and ProMac, we use their official codes to gen-
erate pseudo-labels on the training set. It is notable that
for ProMac we adopt LLaVA-1.5-7B [46] as LMM instead
of LLaVA-1.5-13B due to limited GPU memory. For WS-
SAM, we use the pseudo-masks provided by the authors.

Quantitative comparison In comparison to unsupervised
methods, as shown in Tab. 1, RISE outperforms all state-
of-the-art techniques. On the COD10K dataset, our method
achieves a minimum improvement of 8% and 9% in metrics
Ey and F, respectively. Notably, RISE delivers top-tier
performance on the more challenging COD10K and NC4K
datasets, regardless of the DINO configuration. These re-
sults highlight the advantage of our approach, which lever-
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‘ CHAMELEON

CAMO ‘ COD10K ‘ NC4K

Row index ‘ Component ‘ Ablation ‘ Sat Byt F3t MJ ‘ St Bt Fgt M| ‘ Sat FEot F:} M ‘ Sot Byt F; MY
a | Paradigm | w image-level modeling [ 0743 0782 0.607 0.133 | 0.665 0.690 0.506 0.197 | 0.641 0.662 0414 0.169 | 0.727 0760 0.569 0.134
b ‘ CR ‘ w/o Cl;oss-Category Re?riev.al 0.787 0.851 0.660 0.063 | 0.743 0.808 0.615 0.107 | 0.710 0.781 0.518 0.065 | 0.764 0.833 0.639 0.076
¢ w/o Histogram-based Filtering | 0.820 0.878 0.718 0.052 | 0.733 0.791 0.609 0.112 | 0.744 0.822 0.575 0.055 | 0.793 0.859 0.688 0.065
d | KNN Retrieval | w/o Multi-View Retrieval | 0.829 0.885 0.719 0052|0735 0789 0604 0.115| 0759 0832 0.584 0.052 | 0.803 0.863 0.694 0.064
e | Ours - | 0822 0.884 0720 0050 | 0.734 0.787 0.610 0.109 | 0.763 0.840 0.600 0.049 | 0.805 0.868 0.705 0.061

Table 2. Ablation experiments on the effect of each component.

ages dataset-level information to retrieve camouflaged ob-
jects, in contrast to traditional unsupervised methods that
focus on intra-image similarity for foreground segmenta-
tion. When compared to prompt-based segmentation meth-
ods, our approach also demonstrates superior performance.
Despite WS-SAM [20] providing prompts for SAM based
on weakly supervised signals from manually labeled data,
RISE outperforms it in most metrics, showcasing its en-
hanced ability to localize camouflaged objects. Addition-
ally, GenSAM [28] and ProMac [29] leverage multimodal
LLMs or diffusion models to generate prompts. However,
due to the high parameter intensity of these models, gener-
ating pseudo-masks for the entire training dataset can take
days. In contrast, RISE uses only self-supervised models,
significantly reducing inference time.

Qualitative comparison To illustrate RISE’s ability to
accurately localize and segment camouflaged objects in
complex environments, we present a qualitative compari-
son with four leading unsupervised methods for generating
pseudo-masks, as shown in Fig. 4. These methods, which
rely on intra-image similarity, often fail to differentiate be-
tween targets and backgrounds with similar appearances,
leading to suboptimal segmentation. In contrast, RISE over-
comes this challenge by incorporating both foreground and
background semantics at the dataset level, resulting in more
effective separation. Notably, our method performs well in
localizing small objects, as shown in the last row of Fig. 4.

4.3. Ablation Study

Paradigm Our retrieval self-augmented pipeline combines
a prototype generator (CR) with a KNN retrieval scheme.
We first assess the effectiveness of our proposed paradigm
for retrieving camouflaged objects using the COD dataset,
comparing it to previous approaches that rely on single-
image modeling. Spectral clustering, used in the CR stage,
serves as the baseline. As shown in rows a and e of Tab. 2,
our method outperforms the baseline by more than 10% on
average across all datasets and metrics. This underscores
the importance of fully utilizing dataset-level semantics to
distinguish between highly similar foregrounds and back-
grounds in a single image.

Clustering-then-Retrieval The CR module incorpo-
rates two key components: cross-category retrieval and
histogram-based image filtering, both designed to generate
high-quality, distinguishable prototype libraries. As shown
in rows b and e, incorporating cross-category retrieval im-
proves RISE performance on the challenging COD10K
dataset by 5.3%, 5.9%, and 8.2% for the S, Ey4, and FE;
metrics, respectively. Furthermore, histogram-based image
filtering not only boosts performance across all datasets (as
shown in rows ¢ and e) but also reduces the size of the pro-
totype libraries, enhancing inference efficiency.
Multi-View KNN Retrieval In the KNN retrieval stage,
we address artifacts in the self-supervised model by aggre-
gating retrieval results from multiple viewpoints. This not
only improves performance (as indicated by rows d and e)
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Figure 5. Left: Sensitivity analysis of the top- K hyperparameter; Right: Impact of the dataset size.
| COD10K | NC4K | CODI10K | NC4K
Method ; Method .
erno | Sat Est Fgt ML | St Est Fgt MU etho | Sat Est F§t Ml | Sat Egt Fgt M
Previous SOTA | 0.714 0756 0.504 0.078 | 0.773  0.817 0.639  0.081 LOST | 0.673 0722 0433 0.095 | 0.705 0748 0.532 0.118
LOST+ 0.766 0.854 0.615 0.046 | 0.799 0.869 0.708 0.061

KMeans ‘0.400 0.404 0.155 0410 ‘ 0.494 0.514 0.303 0.343

KMeans+ 0.723 0.788 0.536 0.073 | 0.777 0.836 0.656 0.078
GMM 0450 0.440 0.192 0371 | 0572 0.578 0.371 0.280
GMM+ 0.719 0.789 0.534 0.069 | 0.771 0.835 0.652 0.078

HCA ‘0.474 0.484 0.206 0.317 ‘ 0.579 0.600 0.376 0.257

HCA+ 0.733  0.805 0.556 0.064 | 0.786 0.848 0.672 0.071
Spectral 0.641 0.662 0414 0.169 | 0.727 0.760 0.569 0.134
Spectral+ 0.763 0.840 0.600 0.049 | 0.805 0.868 0.705 0.061

Table 3. Experiments on different clustering methods. “+: Inte-
grating clustering methods with RISE.

but also ensures that noise-resistant results can be obtained
without fine-tuning models, as demonstrated in the third and
fourth columns of Fig. 4 (best zoomed-in).

4.4. Further Analysis

Hyperparameter sensitivity Our method has only one hy-
perparameter: top-K. We adopt Score = S + Ey + F' +
1— M [18] to indicate the overall performance. As shown in
the left of Fig. 5, RISE performs well even with a small K.
This robustness stems from the unique CR scheme, which
reduces noise in the prototype libraries and enhances the
distinction between different libraries.

Dataset size In the right of Fig. 5, we investigate the impact
of the dataset size. Leveraging CR’s distinctive prototype
mining mechanism, RISE demonstrates consistent and ro-
bust performance even when only 10% of the training im-
ages (randomly selected) are used to construct the prototype
libraries. This highlights the efficiency and effectiveness of
RISE, particularly in scenarios with limited data.
Clustering methods We explore several clustering meth-
ods, including KMeans, Gaussian Mixture Model (GMM),
Hierarchical Clustering Analysis (HCA), and Spectral Clus-
tering (Spectral). As shown in Tab. 3, while the perfor-
mance of each method varies, integrating our approach sig-

DeepSpectral ‘0.621 0.625 0.363 0.162 | 0.719 0.739 0.542 0.133

DeepSpectral+  0.765 0.842 0.605 0.050 | 0.804 0.860 0.702 0.063

TokenCut ‘0.682 0.729 0.468 0.095 | 0.752 0.804 0.614 0.093
TokenCut+ 0.769 0.848 0.607 0.048 | 0.813 0.876 0.715 0.059

MaskCut \ 0.626 0.628 0.363 0.170 | 0.708 0.717 0.518 0.152
MaskCut+ 0.763 0.848 0.608 0.047 | 0.793 0.856 0.698 0.063
ProMerge

‘0.714 0.756 0.504 0.078 | 0.773 0.817 0.639 0.081
ProMerge+ 0.770  0.850 0.622 0.045 | 0.805 0.868 0.715 0.059

VoteCut ‘0.702 0.763 0.504 0.092 | 0.756 0.812 0.628 0.094
VoteCut+ 0.766 0.845 0.608 0.048 | 0.807 0.869 0.710 0.061

Table 4. Experiments on the plug-and-play attribute of RISE. “+”:
Integrating unsupervised methods with RISE.

nificantly boosts the performance of all methods.
Plug-and-play By replacing spectral clustering in CR with
unsupervised methods, our approach can be integrated with
unsupervised methods. This enhances the performance of
these methods, as shown in Tab. 4.

5. Conclusion

In this paper, we offer a new perspective on camouflaged
object detection: while a camouflaged object may be in-
distinguishable from its surroundings in a single image, it
may become distinguishable when considered within the
context of a dataset. Building on this insight, we intro-
duce RISE, a retrieval self-augmented unsupervised COD
paradigm. RISE is designed to separate hard-to-recognize
targets within a single image by efficiently integrating and
leveraging dataset-level information. To access this dataset-
level information, we propose a Clustering-then-Retrieval
approach. For segmenting camouflaged objects in a single
image, we introduce Multi-View KNN Retrieval. Extensive
experiments demonstrate that our method outperforms both
unsupervised and prompt-based segmentation approaches.
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