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RA-COD: Retrieval-Augmented Camouflaged
Object Detection
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Abstract—Camouflaged Object Detection (COD) is pivotal for
segmenting objects that seamlessly blend into their surround-
ings. While prior endeavors demonstrate impressive performance
through training on predefined labels, they heavily rely on labor-
intensive data annotation and struggle to adapt to open-world
scenarios. In this light, we propose RA-COD, a training-free
paradigm that enables COD by retrieving the most similar
samples from the prototype repository. The efficacy of RA-COD
hinges on 1) capturing the nuanced resemblance between objects
and their environments and 2) excelling in dense prediction tasks.
To achieve (1), the crux lies in ensuring diversity and discrim-
inability within the prototype repository. In this context, we
propose GenPro, an automated pipeline for crafting Generative
Prototypes. GenPro integrates a range of foundation models,
including the Diffusion Model, Vision-Language Model, Segment
Anything Model (SAM), and DINOv2, in a complementary
manner that synergistically generates diverse and distinguishable
prototype samples. To achieve (2), we propose C2F to retrieve
camouflaged objects in a Coarse-to-Fine regime. We commence
with pixel-level retrieval in the feature space, which generates
a coarse mask that effectively captures class discrimination and
object localization. Further refinement is achieved by extracting
bounding boxes from this coarse mask to prompt SAM in
generating mask proposals for region-level retrieval. Evaluations
on four benchmarks showcase that RA-COD achieves state-of-
the-art performance compared to existing training-free methods.

Index Terms—COD, retrieval-augmented, diffusion models,
VLMs, SAM.

I. INTRODUCTION

CAMOUFLAGED object detection (COD) has garnered
growing research interest ascribed to its more challeng-

ing characteristics compared to general segmentation tasks [1].
The predominant focus of research lies in fully supervised
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learning on annotated datasets. These endeavors have signif-
icantly pushed the boundaries of COD research by devising
elaborate modules [2], [3], [4], [5], [6], [7], incorporating extra
information [8], [9], [10], [11], [12], [13], [14], or adopting
novel learning paradigms [15], [16], [17]. Despite the progress,
these methods suffer from reliance on time-consuming and
labor-intensive data annotation processes, particularly for COD
datasets. To remedy this, weakly supervised COD capitalizes
on sparse labels, e.g., scribbles [18] or pseudo masks [19],
to segment camouflaged objects. However, they still require
labels and exhibit significant performance degradation com-
pared to fully supervised methods.

With the remarkable success achieved by vision and vision-
language foundation models in downstream tasks, there is a
growing interest in leveraging more powerful external models
and knowledge to implement COD without training. This
line of research primarily focuses on leveraging SAM [20]
to segment camouflaged objects. Pioneering efforts [21], [22]
showcase that it is non-trivial to generalize SAM to COD with-
out any task-related modification. To this end, vision-language
models (VLMs) are adopted to acquire the coordinates of
objects to prompt SAM for segmentation [23], [24]. In addi-
tion, GenSAM [25] extracts points from class activation maps
of CLIP [26], which serve as prompts for SAM. However,
these methods either suffer from hallucinations [27] of VLMs
not being able to localize objects accurately or get noisy
activations due to the struggling performance of CLIP on
dense prediction tasks. Despite being training-free, there is
considerable scope for these methods to narrow the gap with
fully supervised learning approaches.

In contrast to the above approaches, we propose a new
training-free paradigm termed Retrieval-Augmented Camou-
flaged Object Detection (RA-COD), as depicted in Fig. 1.
Our motivation stems from the aspiration to distinguish fore-
ground from background by directly comparing test samples
with those in the prototype repository. While conceptually
straightforward, RA-COD confronts two key challenges:
how to tailor a high-quality prototype repository containing
diverse and well-differentiated samples for COD, and how
to integrate high-level retrieval matching into low-level dense
prediction tasks.

To address challenge , we present GenPro, a pipeline
for automatic generation of diverse and distinguishable sam-
ple prototypes. The entire pipeline comprises three stages:
category acquisition, sample image generation, and prototype
repository establishment. In the initial stage, to mitigate the
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Fig. 1. Comparison of our RA-COD with the previous fully supervised
learning paradigm. The prior paradigm demands training on meticulously
labeled datasets, which encompass a limited number of categories. Based
on generative prototypes (GenPro) as well as the innovative retrieval scheme
(C2F), RA-COD segments camouflaged objects by retrieving the categories
in the prototype repository that are most similar to the target. Being free of
training, RA-COD could generalize to the segmentation of unknown categories
easily.

scarcity of systematic category labels in COD datasets, we
leverage Vision-Language Models (VLMs) such as LLaVA
[28] to identify categories of camouflaged objects, environ-
mental elements, and surrounding objects. Here, camouflaged
objects are categorized as foreground, while environmental
and surrounding objects serve as background categories. In
the subsequent stage, harnessing the remarkable conditional
generation capabilities of diffusion models [29], [30], [31],
[32], [33], we generate a diverse array of sample images
for each foreground and background category. To establish
the prototype repository, a conventional approach involves
mapping images corresponding to each category into embed-
ding vectors using a feature extractor like DINOv2 [34].
However, images generated by diffusion models may include
irrelevant environmental or object features alongside the target
categories, potentially leading to insufficient differentiation
between prototype samples. To mitigate this issue, we leverage
cross-attention maps from diffusion models and SAM to
generate masks for the target categories. These masks are then
employed to filter out irrelevant features in the feature space,
ensuring the creation of distinct and representative prototype
samples.

To address challenge , one of the most intuitive ways is
to perform pixel-level retrieval in the feature space and assign
foreground or background labels to each pixel. However,
due to the low resolution of the feature space, the seg-
mentation after up-sampling struggles to capture fine details.
Another straightforward approach is to provide SAM with
uniformly sampled points to generate a set of mask proposals,
which are then applied to the feature space for region-
level retrieval. Nevertheless, previous work has demonstrated
that SAM encounters difficulty in distinguishing camouflaged
objects from the environment without explicit prompts. In this
context, we propose C2F, a Coarse-to-Fine retrieval scheme.
Recognizing that pixel-level retrieval offers well-defined class
discrimination and localization, we initially employ pixel-
level retrieval to obtain coarse segmentation. Subsequently,
a set of bounding boxes is extracted from the coarse

segmentation to prompt SAM to generate mask proposals.
These masks are utilized in region-level retrieval for generating
fine segmentation.

By addressing challenges and , RA-COD emerges
as a possible paradigm for COD. Our proposed GenPro and
C2F seamlessly integrate various foundation models such as
VLMs, diffusion models, SAM, and DINOv2, synergistically
providing diverse expertise from different angles for COD.
Before inference, we utilize GenPro to construct the prototype
repository, which comprises two category labels: foreground
and background. At inference, C2F is employed to conduct
pixel-level and region-level retrieval of images mapped to the
feature space by a feature extractor. By computing cosine
similarity, pixels or regions that are most similar to the
prototype samples are assigned corresponding labels.

Extensive experiments on four benchmarks demonstrate
that RA-COD performs comparably to the state-of-the-art
fully supervised learning methods. In addition, RA-COD
substantially outperforms all weakly supervised learning and
training-free foundation-model-based methods.

In summary, our contributions are three-fold:
• We propose GenPro for generative prototypes, which

incorporates a series of expert models across different
domains to generate diverse and differentiated prototypes.

• We propose C2F, a retrieval strategy for transforming
coarse-grained retrieval into fine-grained dense prediction
tasks.

• With GenPro and C2F, we propose RA-COD, a
new paradigm to segment camouflaged objects through
retrieval in a training-free regime. Comprehensive exper-
iments substantiate the effectiveness of our proposed
RA-COD in COD.

II. RELATED WORK

A. Camouflaged Object Detection

The central principle behind Camouflaged Object Detection
(COD) is to discern and isolate objects that closely resemble
their surroundings [1], [2], [35]. To address this challenging
task, most existing work fixates on fully supervised training on
well-annotated datasets. Among this, designing novel modules
for mining details is the thrust of the research [1], [2], [3],
[4], [5], [6], [7], [36], [37], [38], [39]. In addition, extra
information, including edges [11], [12], texture [8], frequency
[10], [40], depth [9], categories [14] and referring images
[13], is exploited to unearth critical clues. Another line of
work is dedicated to adopting new learning paradigms that
are attuned to the characteristics of COD. ICEG+ [15] adopts
adversarial training to augment data, thus alleviating over-
fitting of the model. To address the boundary uncertainty,
diffCOD [17] adopts the diffusion denoising paradigm to
directly generate segmentation masks. Inspired by biological
visual mechanisms, HitNet [4], SegMaR [41], and ZoomNet
[42] progressively localize and segment camouflaged objects
by iterative decoding, or employing a multi-scale strategy.
While these efforts have significantly spurred the development
of COD, they all inevitably entail optimizations on large
amounts of labeled data.
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Unlike these methods, our method is training-free. In this
paper, “training-free COD” denotes a paradigm in which SAM
is guided by adaptive prompts to segment camouflaged objects
without any training on COD datasets. This qualifies as a zero-
shot setting because it avoids training on COD data; however,
it is not unsupervised, as the underlying SAM is trained in a
supervised manner on large-scale datasets.

B. Foundation Models

Trained on large-scale datasets, foundation models, such
as vision, vision-language, and diffusion models, are being
increasingly deployed in various downstream tasks [43], [44],
[45]. However, the application of foundation models to COD
is still in its nascent stage, primarily attributed to the inherent
challenges associated with COD.

Existing work utilizing foundation models for COD revolves
around leveraging VLMs to generate different prompts for
SAM. MLKG [14] employs VLMs to generate object descrip-
tions from various perspectives, which are then fed to SAM
for fine-tuning. Similarly, MMCPF [23] and GenSAM [25]
resort to VLMs to extract object coordinates or categories,
complemented by additional models for prompt refinement.
However, these approaches either necessitate training or suffer
from inaccurate prompts credited to hallucinations of VLMs.

Another strand of work focuses on diffusion models. As
a branch of generative models, diffusion models exhibit
immensely powerful image generation [29], [30], [31], [32],
[33] and editing [46], [47], [48] capabilities. In addition,
diffusion models have been broadly explored for downstream
tasks such as semantic segmentation [45], open-vocabulary
segmentation [49], [50], object localization [51], object detec-
tion [52], and data synthesis [53], [54]. In the realm of COD,
CamoDiffusion [55] and diffCOD [17] take the original image
as the condition and directly generate masks by diffusion
denoising. CamDiff [56] augments camouflage datasets by
adding realistic salient objects into scenes. LAKE-RED [57]
utilizes diffusion models to generate multi-scene camouflaged
images from the image-inpainting perspective.

Different from these methods, our RA-COD provides a
novel paradigm that assembles various foundation models
in a synergistic and complementary manner to solve the
challenging COD task.

C. Retrieval-Augmented Methods

In the Natural Language Processing community, Retrieval-
Augmented Generation (RAG) leverages retrieval mechanisms
to enable the introduction of external knowledge into the
generation process, resulting in more accurate, varied, and
relevant texts [58], [59], [60]. Similar to Transformer [61],
the success of RAG in NLP quickly proliferated into computer
vision. RAG has demonstrated its superiority in various vision
domains, including zero-shot classification [62], semantic seg-
mentation [63], open-vocabulary segmentation [50], [64], [65],
and continual learning [66], [67]. Sharing similar spirits with
these efforts, our method provides new perspectives in terms
of generating distinguishable prototype samples and applying
retrieval to fine-grained segmentation tasks.

III. METHODOLOGY

In this paper, we introduce a new paradigm named RA-COD
to segment camouflaged objects via retrieval. Given an image
I ∈ RH×W×3, RA-COD aims to assign each pixel a foreground
or background label by retrieving the most similar samples
in the prototype repository and generate a segmentation map
M ∈ RH×W×1. As demonstrated in Fig. 2, RA-COD consists of
two main stages. At the first stage, GenPro crafts a wealth of
sample prototypes for each category of camouflaged objects,
surrounding objects, and environment. These samples are
further categorized into foreground (camouflaged objects) and
background (surrounding objects, environment) to form the
final prototype repository. At the retrieval stage, we first carry
out point-wise retrieval in the embedding space, attributing
corresponding labels to the pixels by matching the prototype
samples that are most similar to the pixels. The coarse seg-
mentation maps produced from this process are used to extract
a set of boxes, which are employed in the SAM to generate
mask proposals. Given the mask proposals, we further perform
region-level retrieval to filter noisy proposals to get the final
segmentation.

A. Generative Prototypes

We propose GenPro as a pipeline for generative prototypes,
including fetching categories, generating images, and estab-
lishing the prototype repository.

1) Fetch Categories: COD involves localizing camouflaged
objects from the complex environment and segmenting them
from similar surrounding objects. If the prototype reposi-
tory merely contains camouflaged object categories, retrieval
could be accomplished by setting a similarity threshold. This
not only introduces extra hyperparameters but may result in
misclassification due to the limited variety of samples. In
this light, we define three categories: Camouflaged Objects
(CO), Surrounding Objects (SO), and the ENvironment (EN).
Inspired by the promising performance of VLMs [28], [68],
[69] in image captioning, VQA, and text-image retrieval, we
adopt VLMs for automatically fetching categories.

Given an image Ii in the test set T = {Ii}
N
i=1, (N denotes the

total number of images), the three categories could be derived
by

Cco
i = VLM(Ii, Pco), (1)

C so
i = VLM(Ii, Pso), (2)

Cen
i = VLM(Ii, Pen), (3)

where Pco, Pso, and Pen refer to the prompts required by the
VLMs.

Furthermore, to adapt to the binary classification problem,
we take the CO category as the foreground class F and the SO
and EN categories as the background classes B. Aggregating
the categories of each test image, we get the category set C =

{(F : {Cco
i }), (B : {C so

i ,C
en
i })}.

2) Generate Images: Camouflaged objects of the same
category may vary in shape, color, and size. This requires
sufficiently diverse prototypes to achieve favorable retrieval.
Intuitively, we can craft the prototype repository by sampling
images from the real world. However, it is a tedious task to
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Fig. 2. The overall framework of RA-COD, consisting of the prototype generation pipeline GenPro and the retrieval segmentation scheme C2F. At the stage
of GenPro, VLMs are first employed to obtain the categories of foreground, surrounding objects, and environment, which are fed into the diffusion model to
generate multiple samples. DINOv2 is then utilized to map each sample into an embedding vector. In particular, for foreground samples, the corresponding
attention maps are extracted for enhancing discrimination. During the C2F stage, the coarse segmentation generated by pixel-level retrieval is used to generate
candidate bounding boxes, which are processed through SAM to generate mask proposals. Region-level retrieval is used to filter these masks and generate
fine segmentation. This figure illustrates an example of a single test image. For multiple images, the foreground and background of the prototype repository
entail different categories.

sample a large number of real images that need to be well
aligned with the categories. Meanwhile, for segmentation in
the wild, it is not convenient to collect new samples for new
categories. To this end, we resort to the diffusion model to
synthesize images. Benefiting from its powerful conditional
generation capability, we could sample images with diverse
scenarios and varying categories. For each category in the
category set C, we provide the diffusion model with the prompt
a photo of [cls] to generate a fixed number of images.

3) Prototype Repository: We adopt DINOv2 [34] to map
each sample image to an embedding vector. Let Is ∈ R

H×W×3

denote the synthesized image from the diffusion model. We
extract the feature map of the last layer and reshape it to
Fs ∈ R

H′×W′×d (d denotes the embedding dimension). Global
average pooling (GAP) is applied to the feature map to
generate the embedding vector vs ∈ R

d. Let f k
i, j denote the

k-th channel dimension at spatial point (i, j) of Fs, the k-th
element vk

s of vs could be derived by

vk
s =

1
H′W ′

H′X
i=1

W′X
j=1

f k
i, j. (4)

Integrating the embedding vectors of all the categories, we
attain the prototype repository P = {(F : {vco

i }), (B : {vso
i , v

en
i })},

where F and B indicate foreground and background,
respectively.

In particular, for foreground categories, images sampled
from the diffusion model often contain irrelevant environment,
which may reduce the distinction between foreground and
background samples, leading to misclassification of the back-
ground as camouflaged objects during retrieval.

To address this, we first extract cross-attention maps from
the diffusion model in a similar vein to DiffuMask [53]. Specif-
ically, we choose Stable Diffusion [31] as the diffusion model.
Stable Diffusion consists of three key components: a text
encoder T , a variational autoencoder (including the encoder
E and decoder D), and a denoising UNet U . Let Is ∈ R

H×W×3

and y denote the synthesized image and the corresponding text
prompt, respectively. The encoder E encodes Is into the latent
space z = E(Is), and the diffusion process (adding noise) could
be formulated as

zt ,
√
ᾱtz +

p
1 − ᾱtε, εi ∼ N (0, 1), (5)

where ᾱt refers to the hyperparameter to control the degree of
noise ε addition at diffusion step t.

In the denoising UNet, the interaction between images and
text prompts occurs in cross-attention layers of different reso-
lutions. Let r ∈ {×8,×16,×32,×64} represent the resolution
of the cross-attention layer. At diffusion step t, the cross
attention maps (CAt

r) could be derived by

CAt
r = Softmax

�
QK>
√

d′

�
, (6)
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Fig. 3. Generating masks for foreground categories. We first extract cross-
attention maps corresponding to the foreground categories from the diffusion
model. A threshold approach [70] is adopted to extract bounding boxes from
the attention maps. In addition, we also sample a pair of positive (•) and
negative (?) points: the positive point is the location with the highest value
within the bounding box, and the negative point is the location with the lowest
value. These prompts are input to SAM for segmentation of the foreground.

Q = WQzt,K = WKT (y). (7)

WQ and WK represent the learned projections. By integrating
cross-attention maps at multiple diffusion steps and resolu-
tions, the final attention maps could be derived by

CA =
1

RT

X
r,t

Upsample(CAt
r), (8)

where R and T refer to the number of resolutions and time
steps, respectively.

After this, bounding boxes and high-confidence points are
sampled from the attention maps CA to prompt SAM to output
the foreground mask, as exemplified by Fig. 3. Based on the
reshaped foreground mask Ms ∈ R

H′×W′×1, we apply it to the
features Fs and adopt mask average pooling to get the refined
embedding vector. In addition, by reversing Ms, we derive
extra environment samples to complement the background
prototypes. Let mi, j denote the spatial point of Ms at (i, j). Let
vk

f and vk
b be the k-th elements of the foreground embedding

vf ∈ R
d and background embedding vb ∈ R

d, respectively. The
above process could be formulated as

vk
f =

H′P
i=1

W′P
j=1

mi, j f k
i, j

H′P
i=1

W′P
j=1

mi, j

, vk
b =

H′P
i=1

W′P
j=1

(1 − mi, j) f k
i, j

H′P
i=1

W′P
j=1

1 − mi, j

. (9)

B. Coarse-to-Fine Retrieval

To apply retrieval to the segmentation task, one of the most
straightforward ways is to adopt a point-wise approach to

match the most similar categories for each pixel. Given the
test image I ∈ RH×W×3, the feature maps F ∈ RH′×W′×d could
be derived by DINOv2. Each spatial point of F corresponds to
an embedding vector fi ∈ R

d, i = 1, 2, . . . ,H′W ′. For a sample
p j ∈ R

d in the prototype repository P, the cosine similarity
between fi and p j could be derived by

si j =
fip j

‖fi‖‖p j‖
. (10)

The index of the sample that is most similar to fi could be
derived by

j∗ = arg max
j

fip j

‖fi‖‖p j‖
. (11)

After that, the corresponding category of p j∗ is assigned to fi.
By point-wise retrieval, the low-resolution segmentation map
Mlow

c ∈ RH′×W′×1 is generated and could be upsampled to
yield the final mask Mc ∈ R

H×W×1. However, as the retrieval
is performed on a low-resolution feature space, it is difficult
for the upsampled mask Mc to capture detailed information
such as edges and textures, as shown in Fig. 2.

Another approach is to adopt the off-the-shelf segmentation
models [20], [71] or superpixel algorithms [73] to produce a
series of mask proposals for region-level retrieval in feature
space. For instance, point prompts sampled uniformly from
an image can be input into SAM to generate a set of fine-
grained masks.1 These proposals are applied to the feature
map, and the corresponding embedding vectors are generated
by mask average pooling. Through retrieval, each proposal
is assigned a category label, foreground or background. The
final segmentation map could be derived by summing up
all the classified mask proposals. However, attributed to the
high degree of similarity between the camouflaged object
and the environment, adopting generic segmentation models
or superpixel algorithms does not guarantee desirable mask
proposals, as shown in Fig. 4.

Within this perspective, we propose C2F to retrieve cam-
ouflaged objects in a coarse-to-fine manner. Noting that the
segmentation map Mc produced through pixel-level retrieval
accurately delineates object positioning, we modify the bound-
ing box extraction algorithm [70] to derive multiple candidate
bounding boxes from it. Specifically, for Mc, we extract all
connected components and compute the minimal bounding
box for each. Compared to uniformly sampled point prompts,
these bounding boxes provide a more direct representation of
potential camouflaged objects. Leveraging the explicit bound-
ing boxes, SAM generates a collection of fine-grained mask
proposals tailored for region-level retrieval.

IV. EXPERIMENTS

A. Experimental Setup

1) Datasets and Evaluation Metrics: We evaluate our
method on four commonly used COD datasets, including
CHAMELEON [74], CAMO [75], COD10K [1], and NC4K
[76], which contain 76, 250, 2,026, and 4,121 test images,

1https://github.com/facebookresearch/segment-anything/blob/main/
notebooks/automatic mask generator example.ipynb

Authorized licensed use limited to: Anhui Normal University. Downloaded on May 22,2026 at 12:46:54 UTC from IEEE Xplore.  Restrictions apply. 

https://github.com/facebookresearch/segment-anything/blob/main/notebooks/automatic%5Fmask%5Fgenerator%5Fexample.ipynb
https://github.com/facebookresearch/segment-anything/blob/main/notebooks/automatic%5Fmask%5Fgenerator%5Fexample.ipynb


5258 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 35, 2026

Fig. 4. Different methods for generating mask proposals. For Mask2Former
[71], we adopt the checkpoint trained on ADE20K [72] for semantic segmen-
tation. For SAM, we follow the official automatic mask generation pipeline.
For superpixel algorithms, we adopt SLIC [73].

respectively. Being free of training, the training sets are
discarded in our experiments. Following previous practice, we
adopt structure measure (S α) [77], mean E-measure (Eφ) [78],
weighted F-measure (Fω

β ) [79] and mean absolute error (MAE)
[80] as evaluation metrics.

2) Implementation Details: We choose LLaVA-1.5-7B
[81] as the VLM to acquire categories. Specifically, we
design three different prompts, “What is the animal
hiding in the environment”, “What is around
the hiding animal”, and “What environment
does the animal hide in” for fetching categories of
camouflaged objects, surrounding objects, and environment,
respectively.

For the diffusion model, Stable Diffusion V1-5 [31] is
leveraged to generate prototype images. We sample 64 and
32 images for each foreground and background category,
respectively. Cross attention maps from Stable Diffusion with
resolutions {8× 8, 16× 16} at diffusion step 0 are upsampled
and averaged to get the final cross attention map. DINOv2-
ViT-L/14 [34] is adopted as the vision backbone to map images
of size 518 × 518 into embedding vectors. As for SAM, we
utilize HQ-SAM ViT-H [82] for high-quality segmentation.
For efficient similarity computation and category matching,
the coarse-to-fine retrieval is performed based on the FAISS
library [83]. All experiments are conducted on a single A40.

B. Comparison With the Sota Methods

1) Comparison Methods: To validate the efficacy of
RA-COD, we compare it with fully-supervised learning,
weakly-supervised learning and training-free methods. For
fully-supervised learning, we select 21 methods ranging from
2020 to 2024, including SINET [1], C2FNet [84], TINet
[85], JSCOD [86], LSR [76], S-MGL [87], R-MGL [87],
PFNET [88], UGTR [89], BGNet [90], PreyNet [91], FAP-
Net [3], BSANet [92], FDNet [10], ZoomNet [42], SegMaR
[41], SINETV2 [2], FSNet [7], HitNet [4], PopNet [9] and
ICEG+ [15]. Weakly-supervised methods (WSCOD [18], WS-
SAM [19]), and training-free SAM-based methods (MMCPF
[23], GenSAM [25], ProMaC [93]) are also employed for
comparisons.

2) Experimental Results and Analysis: Initially, we com-
pare RA-COD with fully supervised methods. As shown in
Table I, RA-COD achieves competitive performance against
methods published up to 2022. For example, on COD10K,
it surpasses SINET [1], PFNET [88], and BSANet [92].
Moreover, RA-COD delivers performance that is on par with
or better than methods introduced after 2023. On the more
rigorous COD10K dataset, the differences between RA-COD
and the state-of-the-art FSNet [7] across S α, Eφ, and M
are minimal. We further extend the comparison to weakly
supervised approaches. RA-COD shows a clear advantage over
WSCOD [18] and WS-SAM [19] across datasets and met-
rics. Finally, we evaluate against recent training-free methods
built on foundation models such as SAM and VLMs. RA-
COD maintains a distinct lead over the latest training-free
approaches, indicating that its gains derive from the design
of generative prototypes and hierarchical retrieval rather than
solely from the capabilities of pretrained foundation models.

In addition, a qualitative comparison is conducted with
conventional supervised learning approaches, as depicted in
Fig. 5. This comparison spans various camouflage scenarios
encompassing large objects, small objects, multiple objects,
occlusion, complex shapes, uncertain boundaries, and complex
environments. Relative to alternative methodologies, RA-COD
demonstrates superior capabilities in mitigating False-Negative
and False-Positive detections, precise localization of camou-
flaged objects, and achieving refined segmentation. Notably,
RA-COD exhibits exceptional performance in segmenting
small objects, as evidenced in the final three rows, attributed
to the coarse-to-fine retrieval scheme of C2F.

C. Ablation Study

We conduct comprehensive ablation experiments on all
four benchmarks to validate the effectiveness of each key
component of RA-COD.

1) Effectiveness of GenPro: The core of GenPro lies in the
generation of high-quality foreground prototypes without irrel-
evant backgrounds, as well as the generation of background
prototypes to complement the retrieval. GenPro achieves these
two goals by mask average pooling and generating background
category images, respectively.

The baseline for our analysis is established using the proto-
type repository comprising solely foreground samples without
mask average pooling. During retrieval, the categories are
determined by setting a similarity threshold (We search for
the optimal parameter in the interval 0 to 1 with a step size of
0.1), as shown in row a of Table II. The comparison between
rows a and b unmistakably reveals a significant enhancement
across all metrics on the datasets. This improvement can be
attributed to the utilization of mask average pooling, which
effectively isolates foreground objects from the background,
thereby producing embedding vectors that exhibit superior
alignment with the target categories. In contrast, relying solely
on global average pooling would result in the dilution of
foreground category semantics by irrelevant objects, thereby
generating prototype samples that are indistinguishable.

Although mask average pooling enhances sample repre-
sentativeness, class discrimination via similarity thresholds
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TABLE I
QUANTITATIVE COMPARISON ON FOUR COD BENCHMARKS. F: FULLY-SUPERVISED. W: WEAKLY-SUPERVISED. TF: TRAINING-FREE. ↑/↓: THE

HIGHER/LOWER THE BETTER. “-”: NOT AVAILABLE. “*”: RESULTS DIRECTLY FROM THE PAPER. THE BEST RESULTS ARE IN BOLD

TABLE II
ABLATION EXPERIMENTS ON EFFECTIVENESS OF GENPRO AND C2F

lacks intuitiveness and necessitates hyperparameter tuning.
The introduction of background category samples transforms
the previous “hard” discrimination approach, reliant on thresh-
olding, into a “soft” method centered on maximum similarity,
thereby eliminating the need for hyperparameters and ren-
dering more interpretable predictions, as evidenced by rows
b and f. Moreover, the mere introduction of background
categories without incorporating mask average pooling yields
unsatisfactory results, as demonstrated in row c. This is due
to the inclusion of irrelevant environment categories in the
foreground samples.

2) Effectiveness of C2F: Taking into account the intrinsic
correlation between camouflaged objects and their surround-
ings, C2F endeavors to progressively mitigate camouflage
effects by synergistically leveraging pixel-level and region-
level retrieval strategies.

Pixel-level retrieval facilitates the explicit categorization of
each point within the feature space, thus proving valuable
in discerning highly similar foregrounds from backgrounds,
as demonstrated in row d of Table II. Moreover, fine-
grained retrieval contributes to the effective localization of
camouflaged objects, particularly those of small size. How-
ever, implemented within a low-resolution feature space,
pixel-level retrieval generates segmentation maps character-
ized by prominently jagged edges and substantial areas
of noise.

A pragmatic strategy involves assigning a class to a par-
ticular region rather than to individual pixels. Utilizing the
pre-trained segmentation model SAM, fine masks are pro-
duced, which are subsequently refined through region-level
retrieval to generate the ultimate segmentation outcome, as
illustrated in row e.

However, SAM encounters challenges in generating mask
proposals that maintain semantic consistency without explicit
guidance. Considering this, C2F derives explicit prompts from
the outcomes of pixel-level retrieval to guide SAM in gen-
erating fine-grained mask proposals. As depicted in rows d,
e, and f, C2F significantly enhances the performance of RA-
COD in detecting and segmenting camouflaged objects. In
comparison to the SAM-based proposal generation approach,
C2F achieves an average 10.9% improvement in Fω

β metric
across all datasets.

3) Versions of Stable Diffusion: We employ a range of dif-
fusion models, including Stable Diffusion V1-1, V1-2, V1-3,
V1-4, and V1-5, to investigate how the quality of generated
images influences model performance. For simplicity, we
adopt Score = S α + Eφ + Fω

β + 1 − M to denote the overall
performance. As illustrated in Fig. 6, improvements in the gen-
erative quality of these models (with higher version numbers
indicating better image quality) are accompanied by corre-
sponding enhancements in overall model performance. These
results demonstrate the scalability of our proposed framework:
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Fig. 5. Visual comparisons with weakly-supervised (WSCOD [18], WS-SAM [19]) and fully-supervised methods (SINET [1], LSR [76], JSCOD [86], PFNET
[88], ZoomNet [42], SegMaR [41], HitNet [4]).

its retrieval-based paradigm enables effective integration of
diverse independent models, allowing the framework’s per-
formance to advance in tandem with improvements in its
individual components.

4) Versions of DINOv2 and SAM: In our RA-COD frame-
work, DINOv2 is tasked with projecting RGB images into the
feature space and generating embedding vectors, while SAM
is entrusted with generating fine mask proposals.

We first explore various backbones of DINOv2, encom-
passing ViT-S/B/L/G, corresponding to feature vectors

of 384/768/1024/1536 dimensions, respectively. Higher-
dimensional embedding vectors can encapsulate more com-
prehensive information, particularly beneficial for detail-
dependent COD tasks. As demonstrated in Table III, ViT-L
outperforms ViT-S and ViT-B on the more representative
COD10K dataset. However, further integration of ViT-G does
not yield a noteworthy enhancement in performance, poten-
tially attributable to feature redundancy.

Furthermore, we evaluate various SAM configurations,
including vanilla SAM-B/L/H and the SAM variant
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TABLE III
ABLATION EXPERIMENTS ON DIFFERENT VERSIONS OF DINOV2 AND SAM

TABLE IV

ABLATION EXPERIMENTS ON DIFFERENT MASK PROPOSAL GENERATORS

Fig. 6. Ablation experiments on different versions of diffusion models.

HQ-SAM-B/L/H. The results presented in Table III reveal
that (1) larger ViT backbones yield improved segmentation
performance, and (2) HQ-SAM consistently outperforms the
original SAM in terms of segmentation quality. Additionally,
our experiments indicate that RA-COD does not exhibit a
trend of performance saturation, suggesting its adaptability
and ongoing competitiveness with advancements in foundation
models.

5) Mask Proposal Generators: We conduct a comparative
analysis of C2F against various mask proposal generators,
including point-wise (treating pixels as proposals), superpixel
[73], Mask2Former [71], and SAM, as illustrated in Table IV.
In contrast to conventional proposal generation approaches,
C2F initially isolates camouflaged objects from the envi-
ronment through pixel-level retrieval. From this, it derives

high-confidence bounding boxes to guide SAM in generating
semantically consistent proposals. By adopting the retrieval-
based mask generation scheme, C2F effectively mitigates
issues such as misalignment between the capabilities of pre-
trained segmentation models (e.g., Mask2Former) and the
requirements of the COD task. Furthermore, by leveraging a
proficient SAM, C2F addresses the limitations of superpixel
segmentation in accurately delineating the boundaries of cam-
ouflaged objects. Our experimental findings demonstrate that
C2F significantly outperforms the aforementioned methods
and offers a novel approach to mask proposal generation.

6) Number of Prototype Samples: We investigate the influ-
ence of the quantity of prototype samples per foreground
category on RA-COD. As depicted in Fig. 7, RA-COD demon-
strates resilience to sample quantity across CHAMELEON,
COD10K, and NC4K datasets, where promising outcomes are
achieved with merely two samples. Conversely, performance
on CAMO displays a direct correlation with sample quantity.
Upon further examination, we observe that the CAMO test
set comprises a substantial proportion of human camouflaged
images (117 out of 250), presenting more intricate scenarios
compared to animal-centric camouflage images, as shown
in Fig. 8. To effectively discern humans concealed within
intricate environments, the prototype repository necessitates a
diverse and extensive sample pool. To validate this assertion,
we eliminate test images featuring humans from CAMO,
resulting in the CAMO WO HUMAN dataset. As illustrated
in Fig. 7, CAMO WO HUMAN similarly demonstrates
robustness to sample quantity.

7) Number of Categories: To further demonstrate the
robustness of RA-COD, we assess how performance varies
with the number of object and environment categories. In
our default setting, there are 79 object categories and 49
environment categories. For each setting, we randomly sample
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Fig. 7. Effect of prototype sample quantity. CAMO comprises a large number of human camouflage images spanning diverse scenes, necessitating a larger
sample size to attain satisfactory segmentation outcomes.

TABLE V

EXPERIMENTS ON THE EFFECT OF THE NUMBER OF ENVIRONMENT/OBJECT CATEGORIES

Fig. 8. Images of the “human” category in CAMO contain a range of complex
scenarios.

the specified number of categories from the full pools, run the
experiment five times with different random seeds, and report
the mean performance.

As shown in Table V, across all three benchmarks
(CHAMELEON, COD10K, and NC4K), RA-COD’s per-
formance is largely unaffected even when the number of
environment or object categories is substantially reduced. We

attribute this to two factors: (1) even if the prototype reposi-
tory lacks the exact test categories, object and environment
features in test images still align more closely with those
in the repository; and (2) the Coarse-to-Fine (C2F) retrieval
strategy enhances robustness—while missing exact categories
may slightly affect the coarse stage, it only needs to localize
objects (via bounding boxes) rather than produce precise
masks. Consequently, reliable localization is attainable despite
moderate noise in coarse retrieval.

However, on the CAMO dataset, RA-COD’s performance
declines as the number of object categories decreases. We
attribute this to the reduced likelihood of including human-
related prototypes in the repository when fewer categories are
available. Unlike natural camouflage, human camouflage gen-
erally requires richer, more diverse prototypes (as discussed
earlier). Given that CAMO contains many human-related
camouflage images, this scarcity of relevant prototypes leads
to a noticeable performance drop.

D. Limitations

As depicted in Fig. 9, RA-COD encounters chal-
lenges akin to those faced by state-of-the-art fully super-
vised learning methods, manifesting as False-Positive (FP)
and False-Negative (FN) detections, and failure in some
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Fig. 9. Limitations of RA-COD.

challenging situations. We posit that these hurdles can be
alleviated through generating more granular sample proto-
types and improving the mask proposal generation scheme.
In addition, RA-COD leverages a suite of pre-trained mod-
els, encompassing VLMs, Stable Diffusion, SAM, DINOv2,
among others. While obviating the need for training, this
engenders an additional parameter load. We propose that
knowledge distillation [94] could expedite inference and alle-
viate the parameter burden. We leave the aforementioned
issues for future exploration.

V. CONCLUSION

In this paper, we introduce RA-COD, a paradigm rooted
in retrieval augmentation for COD. RA-COD endeavors to
harness the robust capabilities of off-the-shelf foundation
models to address COD challenges without task-specific train-
ing. It comprises two pivotal components, GenPro and C2F,
where GenPro crafts a comprehensive and distinctive proto-
type repository, while C2F facilitates the seamless transition
from retrieval to segmentation. Extensive experiments demon-
strate the advantages of RA-COD over weakly-supervised and
training-free methods.
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