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Abstract

Text-to-image diffusion techniques have shown exceptional capabilities in producing high-quality,
dense visual predictions from open-vocabulary text. This indicates a strong correlation between visual
and textual domains in open concepts and that diffusion-based text-to-image models can capture
rich and diverse information for computer vision tasks. However, we found that those advantages
do not hold for learning of features of camouflaged individuals because of the significant blending
between their visual boundaries and their surroundings. In this paper, while leveraging the benefits of
diffusion-based techniques and text-image models in open-vocabulary settings, we aim to address a
challenging problem in computer vision: open-vocabulary camouflaged instance segmentation (OVCIS).
Specifically, we propose a method built upon state-of-the-art diffusion empowered by open-vocabulary
to learn multi-scale textual-visual features for camouflaged object representation learning. Such cross-
domain representations are desirable in segmenting camouflaged objects where visual cues subtly
distinguish the objects from the background, and in segmenting novel object classes which are not seen
in training. To enable such powerful representations, we devise complementary modules to effectively
fuse cross-domain features, and to engage relevant features towards respective foreground objects. We
validate and compare our method with existing ones on several benchmark datasets of camouflaged
and generic open-vocabulary instance segmentation. The experimental results confirm the advances of
our method over existing ones. We believe that our proposed method would open a new avenue for
handling camouflages such as computer vision-based surveillance systems, wildlife monitoring, and
military reconnaissance.

Keywords: Camouflaged object detection, camouflaged instance segmentation, instance segmentation,
text-to-image diffusion, text-image transfer, open vocabulary segmentation.
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1 Introduction

Camouflage is a powerful biological mechanism for
avoiding detection and identification. In nature,
camouflaged tactics are employed to deceive the
sensory and cognitive processes of both prey and
predators. Wild animals utilise these tactics in
various ways, ranging from blending themselves
into the surrounding environment to employing
disruptive patterns and colouration (Nguyen et al.,
2023). Thus, identifying camouflages is pivotal in
many wildlife surveillance applications (Fleming et
al., 2014; Yan et al., 2021), as it helps locate hidden
individuals for monitoring and conservation.

In fact, localisation of camouflaged objects (Fan
et al., 2020; C. He et al., 2023), such as Camou-
flaged Object Detection (COD) and Camouflaged
Instance Segmentation (CIS), has been an impor-
tant research topic in computer vision, whose main
challenge lies in the need to learn discriminative fea-
tures that for discerning camouflaged target objects
from their surroundings. Existing COD techniques
can be utilised to roughly identify camouflaged
objects at regional scales (e.g ., bounding boxes),
but they are not designed to distinguish individual
instances at finer scales like pixel level. CIS, on the
other hand, operates under the assumption that
individual instances’ features closely resemble one
another and aims to provide class-independent seg-
mentation masks (Pei et al., 2022). However, the
diversity of camouflages within a single scene can
lead to complex intertwining patterns, making the
CIS task more challenging in severe environmental
conditions, e.g ., terrestrial and aquatic environ-
ments, under poor imaging quality, e.g ., occlusions,
image blur, and low-light conditions in underwa-
ter applications. These challenges also hinder the
collection and annotation of high-quality data for
training and testing CIS algorithms.

Meanwhile, while humans can recognise an
unlimited number of target categories, and open-
vocabulary recognition has been developed to
mimic human intelligence with unbounded under-
standing, current endeavours focus only on generic
objects and individuals (Du et al., 2022; Gao et
al., 2022; Ghiasi et al., 2022; Kuo et al., 2023; Min-
derer et al., 2022; J. Xu et al., 2023; Zang et al.,
2022). For example, while (J. Xu et al., 2023) sug-
gested that Internet-scale text-to-image diffusion
models can be utilised to create a state-of-the-
art open-vocabulary segmenter for many concepts,

our investigations show that they demonstrate
inconsistent segmentation results when working
with camouflages, as indicated by their pixel-
wise embeddings in Figure 1. Although pretrained
generative features offer strong potential for open-
vocabulary generalization, our findings highlight
their limitations in capturing fine-grained visual
ambiguities such as camouflage. Notably, existing
open-vocabulary segmentation methods (Ding et
al., 2023; J. Xu et al., 2023; X. Xu et al., 2023;
H. Zhang et al., 2023; Zou, Dou, et al., 2023;
Zou, Yang, et al., 2023) share this limitation, as
camouflage detection is not central to their design.

To overcome the aforementioned hurdles, we
propose a method that leverages text-to-image
diffusion to address the problem of OVCIS. Our
method is inspired by the advanced object represen-
tation learning capabilities of diffusion techniques
and the language-vision transferability of text-
image models. Text-to-image diffusion models, e.g .,
the stable diffusion model by (Robin et al., 2022),
are designed to learn essential object features in
the presence of noise, making them useful for
extracting features relevant to target objects in a
noisy and cluttered background. While we observed
that features learnt solely from the visual domain
are weak to distinguish camouflaged objects from
their surroundings, the features learnt by text-
image discriminative models, e.g ., CLIP (Radford
et al., 2021), contain rich information about the
real world thanks to the variety of concepts in
open-vocabulary training data (J. Wu et al., 2024).
We hypothesize that an effective combination of
features learnt from both the textual and visual
domains would benefit the representation learning
of camouflaged objects. We illustrate the effec-
tiveness of textual-visual representations for CIS
in Figure 1. To the best of our knowledge, such a
cross-domain combination with open-vocabulary
for CIS is novel, and ours is the first framework to
localise camouflaged object instances at this scale.

To effectively learn textual-visual representa-
tions of camouflaged objects, our method assim-
ilates an input image and a text prompt about
objects included in the input image, so the input
image and its implicit caption (generated by a cap-
tioner) are integrated into a text-to-image diffusion
model to extract visual features. These features
are processed at multiple scales and fused into a
visual feature map, which is then used to gener-
ate object masks. Simultaneously, textual features
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Input ImageSD’s features SD’s featuresOur learnt features Our learnt features

Fig. 1: Illustration of textual-visual features of off-the-shelf Stable Diffusion when dealing with CIS and
our learnt features. Given an input image, textual-visual features are extracted and clustered using a
K-means clustering algorithm (K = 4). As shown, camouflaged animals can be localised based on the
clustering results. We leverage these rich features to perform instance segmentation of camouflaged objects.
This figure is best viewed in colour.

are extracted from the text prompt using a text
encoder. These textual features are enriched from
open-vocabulary category labels and proven to
improve the discriminative power of camouflaged
objects’ representations against the background.
Our proposed pipeline aggregates textual and
visual features in a mask-out manner to recog-
nise the masks of the target objects. The diffusion
model utilises a cross-attention mechanism to link
textual features with visual features and condi-
tion the feature learning process. Hence, the learnt
features are likely to be distinct and connected
to high/mid-level semantic notions that may be
expressed in the language part. While our method
somewhat shares a similar approach with the works
by (J. Xu et al., 2023; Zhao et al., 2023) at a high-
level perspective, our pipeline is more specialised to
CIS by designing camouflage-specialised modules.

COD vs. CIS vs. OVCIS. Camouflaged
Object Detection (COD) aims to separate cam-
ouflaged regions from background and typically
produces a binary camouflage mask without requir-
ing instance separation. Camouflaged Instance
Segmentation (CIS) extends COD by requiring
instance-level separation of multiple camouflaged
objects, but prior CIS formulations are often class-
agnostic or focus primarily on instance delineation
rather than open-vocabulary semantic general-
ization (Pei et al., 2022). In contrast, Open-
Vocabulary Camouflaged Instance Segmentation

(OVCIS) requires both (i) robust instance sepa-
ration under camouflage and (ii) open-vocabulary
category assignment at inference via textual cat-
egory prompts, where training categories Ctrain
and test categories Ctest may be disjoint. While
open-vocabulary segmentation has been explored
in general-domain settings (Ding et al., 2023; J. Xu
et al., 2023; X. Xu et al., 2023; H. Zhang et al.,
2023; Zou, Dou, et al., 2023; Zou, Yang, et al.,
2023), existing methods are not designed to address
the boundary ambiguity and low-contrast appear-
ance intrinsic to camouflage. Accordingly, OVCIS
lies at the intersection of camouflage understand-
ing, instance segmentation, and open-vocabulary
recognition (Table 1).

In summary, we make the following contribu-
tions to our work:

• We address a new and challenging task: open-
vocabulary camouflaged instance segmentation
(OVCIS), which would enhance the capability
of many critical applications such as computer
vision-based surveillance systems, wildlife moni-
toring, and military reconnaissance.

• We propose a method for OVCIS built upon
text-to-image diffusion and text-image trans-
fer techniques, advanced with open-vocabulary
utilisation.

• We propose an object representation learn-
ing paradigm specialised for camouflages. Our
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Table 1: Conceptual distinctions among Camouflaged Object Detection (COD), Camouflaged Instance
Segmentation (CIS), and Open-Vocabulary Camouflaged Instance Segmentation (OVCIS). OVCIS combines
camouflaged instance separation with open-vocabulary category assignment at inference.

Task Primary output Instance
separation

Vocabulary regime Typical supervision

COD Binary mask
(camouflage vs.
background)

× N/A Binary mask
annotation

CIS Instance masks (often
class-agnostic)

✓ Closed or
class-agnostic

Instance masks (w/ or
w/o categories)

OVCIS
(Ours)

Instance masks & open-
vocab category labels

✓ Open-vocabulary
(Ctrain → Ctest)

Instance masks +
category names/text

camouflage-specialised components include a
Multi-scale Features Fusion (MSFF) module
to encapsulate visual features from diffusion,
a Textual-Visual Aggregation (TVA) module
to utilise textual information that pronounces
visual features, and a Camouflaged Instance
Normalisation (CIN) module to adaptively cap-
ture textual-visual information that enhances
camouflaged object representations.

• We conduct extensive experiments and ablation
studies that demonstrate the advantages of our
method over existing works.

2 Related Work

We start our review of related work with an
overview of deep learning-based advances for cam-
ouflaged object understanding. Following it, we
delve into contemporary research in text-to-image
diffusion, thereby discussing their role in facilitat-
ing open-vocabulary computer vision tasks. Then,
we review prior research on generative models and
their applications to visual segmentation.

2.1 Camouflaged Object
Understanding

The main aim of camouflaged object understanding
lies in learning object representations that are diffi-
cult to dissimilate from their background. Existing
research has attempted to address various tasks
in camouflaged object understanding from images.
For instance, (G. Sun et al., 2023) counted objects

that blended seamlessly into backgrounds. Follow-
ing closely, (Lyu et al., 2021) identified salient
image regions of hidden objects that align with
the nuances of human perception. COD was stud-
ied by (C. He et al., 2023), in which the authors
decomposed learnt features into different frequency
bands using learnable wavelets to identify the most
informative features to differentiate target objects
and backgrounds. In addition, an auxiliary recon-
struction network was built to boost up further
the discriminative power of the foreground’s fea-
tures against the background’s ones. In the work
by (Fan et al., 2022), a method for segmenting cam-
ouflaged objects was proposed to segment obscured
objects without pinpointing specific categories for
the objects.

CIS was brought forth by (Pei et al., 2022) to
emphasise the learning of object-vs-background-
discriminative representations, which is different
from general instance segmentation (Xie et al.,
2021) that aims to maximise inter-object dis-
tances. Although this goal is common in existing
camouflaged object understanding methods and
various attempts have been made to address it in
the literature, learning such representations from
solely imagery data is challenging as it is the
nature of visual camouflages. Our research differs
from existing ones by exploring the potential of
diffusion-based representations and textual data
as additional cues to drive the open-vocabulary
learning of CIS, thereby utilising them to make
camouflaged object representations adaptive to
camouflages that are never seen in training.
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Thanks to the variety of concepts, textual
features learnt from text prompts about objects
included in an input image can help to find visual
features relevant to the objects. In addition, an
effective combination of both textual and visual
features would further enhance the robustness of
camouflaged object representations, where visual
features solely are not robust enough to distinguish
camouflaged objects from their surroundings. To
the best of our knowledge, our study is the first of
such work.

2.2 Text-to-Image Diffusion

Significant progress has been made in Artificial
Intelligence (AI)-empowered picture creation with
recent advances in large-scale text-to-image diffu-
sion models, including Stable Diffusion (Robin et
al., 2022), DALL-E 2 (Ramesh et al., 2022), and
Imagen (Saharia et al., 2022). These models have
demonstrated photo-realistic quality image gener-
ation by being trained on text-image datasets of
substantial scale sourced from the Internet. They
also have shown the ability to be conditioned on
unrestricted text prompts in order to produce
visuals that closely resemble real-life photographs.

The application of text-to-image diffusion mod-
els has facilitated the creation and manipulation
of visual contents in an ever-easy and conve-
nient manner via language-based interactions (e.g .,
text prompts). This has enabled a wide spec-
trum of applications such as content-personalised
customisation (Kumari et al., 2023), zero-shot
translation (Parmar et al., 2023), content edit-
ing (Hertz et al., 2023), and image generation (Gal
et al., 2023).

In this paper, we do not apply text-to-image
diffusion technique to image creation and/or image
manipulation. Instead, we explore its capability
of cross-domain feature learning. Most related to
our work, (J. Xu et al., 2023) showed that pre-
trained representations in diffusion models can be
utilised for open-vocabulary segmentation. How-
ever, we found that their method performs poorly
and inconsistently on camouflaged datasets, due
to a lack of ability to identify object boundaries in
camouflages. To address this limitation, we devise
a feature fusion strategy based on a state-of-the-art
text-to-image diffusion architecture to fuse image
features with implicit caption features at multiple
scales. Our experiments show that such a fusion

facilitates the learning of object-vs-background
discriminative features, which are crucial for CIS.

2.3 Generative Models for
Segmentation

Many studies are related to our work in terms of
applying image generative models, such as Gen-
erative Adversarial Networks (GANs) (Esser et
al., 2021; Karras et al., 2020) or diffusion mod-
els (Dhariwal & Nichol, 2021; Ho et al., 2020;
J. Song et al., 2021), to semantic segmenta-
tion (Baranchuk et al., 2022; D. Li et al., 2022;
Rewatbowornwong et al., 2023). For GANs, a
straightforward approach is to synthesise images
and their corresponding semantic maps to train
a segmentation network (D. Li et al., 2022).
(Rewatbowornwong et al., 2023), segmentation
is performed by training a generative model on
datasets with a limited vocabulary. For example,
(Baranchuk et al., 2022) proposed a diffusion-based
framework, named DDPMSeg, based on the denois-
ing diffusion probabilistic model (DDPM) (Ho et
al., 2020) to learn a feature map for an input image.
The feature map was then passed to a pixel clas-
sifier to perform semantic or part segmentation.
A few hand-annotated examples per category are
then utilised to classify learnt representations into
semantic regions. Similarly, J. Xu et al. (2023)
showed that pre-trained representations in diffu-
sion models can be utilised for open-vocabulary
segmentation in the wild. Their insights suggest
that internal representations learnt by diffusion
models can well correlate with high- and mid-level
semantic concepts that can be described in lan-
guage, addressing the lack of spatial and relational
understanding in traditional open-vocabulary seg-
mentation. Therefore, their approach introduces
a new capacity for generative models, e.g ., image
generation-driven representation learning. How-
ever, while promising as a practical tool, we found
that diffusion-based pre-trained representations
are not designed to tackle camouflaging effects,
even though the intermediate representations of a
generative model can be trained to capture high-
level semantic concepts (e.g ., the presence of an
object in an input image) under specific feature
constraints.

5



2.4 Open-Vocabulary Detection and
Segmentation

Numerous studies have been proposed to incor-
porate vision-language models (VLMs) into open-
vocabulary detection and segmentation (Du et al.,
2022; Gao et al., 2022; Ghiasi et al., 2022; Kuo
et al., 2023; Minderer et al., 2022; Rasheed et
al., 2022; Zang et al., 2022; Zhong et al., 2022).
This has enabled the detection and classification
of novel objects from a vast conceptual domain
with the help of pre-trained VLMs (J. Wu et
al., 2024; J. Zhang et al., 2023). OVR-CNN was
the first open-vocabulary object detection intro-
duced by (Zareian et al., 2021), which underwent
pre-training with image-caption data in order to
learn and identify unknown objects, followed by
fine-tuning for zero-shot detection.

Following recent advances in VLMs (Jia et al.,
2021; Radford et al., 2021), ViLD (Gu et al., 2022)
pioneered the incorporation of extensive represen-
tations of pre-trained CLIP (Radford et al., 2021)
into an object detector, and many works (Du et
al., 2022; Kuo et al., 2023; X. Zhou et al., 2022)
have followed the similar framework. (Du et al.,
2022) proposed DetPro, a sophisticated automated
prompt learning method, to learn the presence
of an object in a background via prompt train-
ing. F-VLM (Kuo et al., 2023) adopted a frozen
VLM to generate new object categories based on
cropped CLIP features. (X. Zhou et al., 2022)
extended the ability of the well-known object detec-
tor, Faster R-CNN (Ren et al., 2015) to newly
introduced object categories by replacing the classi-
fication weights (in the classification head) by fixed
language embeddings learnt from open-vocabulary.

Despite the successes achieved, existing meth-
ods have limited capabilities against camouflaged
objects due to the utilisation of small closed
vocabularies and/or the incorporation of VLMs
for generic object classes, which are often dis-
tinguishable from the background. It is because
the pre-trained representations learnt on general
object classes are not designed for discerning object
boundaries between camouflaged individuals (Ding
et al., 2023; J. Xu et al., 2023; X. Xu et al., 2023;
H. Zhang et al., 2023; Zou, Dou, et al., 2023; Zou,
Yang, et al., 2023). While exploiting insights and
advantages from prior studies, our work stands
out in a specifically focused direction: tackling the

challenge of open-vocabulary instance segmenta-
tion of camouflaged targets, yet without losing
much representation localisation capability on gen-
eral objects. Our proposed method extend towards
segmentation of novel object categories with con-
cealed appearances in natural environments using
an open-vocabulary set.

3 Proposed Method

3.1 Problem Definition

We aim to build and train an instance segmentation
model with a set of pre-defined object categories,
referred to as Ctrain. The instance segmentation
model can work on a new domain with Ctest

object categories, where Ctest and Ctrain may or
may not share common object categories. In other
words, Ctest may include object categories previ-
ously unseen during the training of the instance
segmentation model.

Throughout the training process, it is presumed
that binary mask annotations for target objects in
each training image are available. Moreover, each
mask is either associated with a category name or
a caption presented in the text form. During the
testing phase, however, neither the category label
nor the caption is accessible for any test image.
Note that, only the names of the test categories in
Ctest are provided.

3.2 Overview

3.2.1 Preliminaries

We build our method upon two technical advances:
text-to-image diffusion and text-image transfer. We
first briefly summarise those techniques and then
describe how they can be applied to our method.

Text-to-Image Diffusion facilitates the creation
of high-quality images guided by text prompts. A
text-to-image diffusion model is trained on a mas-
sive corpus of image-text pairs amassed through
web crawling, as indicated in the literature (Nichol
et al., 2022; Saharia et al., 2022; J. Xu et al.,
2023). Text inputs are encoded into embeddings
using an established text encoder, e.g., T5 (Raffel
et al., 2020). An image is initially perturbed by
introducing Gaussian noise at a controlled inten-
sity before being fed into the diffusion network.
The network is fine-tuned to reverse the noise
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application, utilising noisy images and associated
text embeddings to diminish the distortion. In the
inference phase, the model synthesises an image
from inputs, including pure Gaussian noise shaped
to the image’s dimensions and a user-provided
description’s text embedding. Through successive
inference iterations, the model iteratively denoises
the input and finally results in a photo-realistic
image of the user-provided text description.

In our work, we adopt the Stable Diffusion (SD)
model developed by (Robin et al., 2022) and pre-
trained on the LAION-5B dataset (Schuhmann et
al., 2022). SD is chosen for two reasons. First, SD
is well known for its ability in effective fusion of
textual and visual information, which we found use-
ful for camouflaged instance segmentation where
visual features only can be indistinguishable. Sec-
ond, thanks to the denoising process, SD is able
to manage noisy and subtle visual distinctions
effectively, making them particularly suitable for
camouflage segmentation where visual boundaries
blend significantly with the background.

The SD model is composed of a trio of ele-
ments: ① a captioner (realised by a pre-trained
text encoder) that generates a text embedding
(implicit caption) for an input image; ② a pre-
trained variational auto-encoder for learning of
image representations; and ③ a denoising time-
conditional U-Net ϵθ(·), which applies progressive
convolution operations to downsample and upsam-
ple feature maps of an input image with skip
connections. Within the U-Net, textual-visual inter-
actions are enabled by cross-attention. In detail,
the captioner projects a text input y into an embed-
ding, which is then transformed into Key and Value
pairs. At the same time, a feature map of a noisy
image undergoes a linear projection to form a
Query. This design allows for iterative updates of
input images conditioned on accompanying text
descriptions.

The training process of the SD model is out-
lined as follows. For a given pair (I, y) in a training
dataset, the image I is encoded into a latent repre-
sentation z and then subjected to noise, resulting in
a noised vector zt := αtz + σtϵ, where ϵ ∼ N (0, 1)
is a noise variable, and αt, σt are parameters that
manage the noise level and the fidelity of each
sample. The training aims to fine-tune the time-
conditional U-Net ϵθ(·) to anticipate the noise
vector ϵ and to accurately reconstruct the initial
latent vector z, while being conditioned on the

text input y. The fine-tuning is performed by using
a loss function that minimises the mean squared
error of noise prediction as follows:

Ldiffusion = Ez,ϵ∼N (0,1),t,y

[
||ϵ− ϵθ(z

t, t, y)||22
]
(1)

where the time variable t is randomly selected from
the set {1, . . . , T}.

During the inference phase, the SD model syn-
thesises an image by sequentially refining a latent
vector zT ∼ N (0, I), with the process being con-
tingent on a text input y. Specifically, for each
time step t = 1, . . . , T of the denoising sequence,
zt−1 is derived from the current zt and the U-Net’s
noise prediction, which in turn takes zt and the
text prompt y as inputs. After the final denoising
stage, the latent vector z0 is transformed back to
produce a final output image I ′.

Text-Image Transfer originally aims to learn
directly from raw text about images. This tech-
nique leverages rich textual representations learnt
from the textual domain to scale up representation
learning in the visual domain. As shown in the lit-
erature, natural language can be used to supervise
a wide set of visual concepts through its general-
ity (Desai & Johnson, 2021; Sariyildiz et al., 2020;
Y. Zhang et al., 2022). Recently, CLIP proposed
by (Radford et al., 2021) offers text-image trans-
feribility in both directions, i.e., text-to-image and
image-to-text.

In our work, we adopt a CLIP model, pre-
trained on 400 million image-text pairs crawled
from the Internet. This model is used to gener-
ate text embeddings for implicit captions of input
images and text embeddings for text prompts
associated with input images. Due to learning
from large-scale and diverse training data, we
observed that these text embeddings greatly aid
in improving camouflaged objects’ representation.

3.2.2 Our Pipeline

Figure 2 illustrates the pipeline of our method. At
an abstract level, our method takes an image and
a text prompt about target objects as inputs and
produces instance masks with object categories for
the target objects as outputs.

The input image is first passed to the SD
model (Robin et al., 2022), which is pre-trained
and frozen (no training), to extract latent features.
The input image is also fed to the pre-trained and
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Mask Generator

Binary mask 
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CLIP Text Encoder

Captioner

Text-to-Image Diffusion UNet

Text Embedding
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Fig. 2: Pipeline of our proposed method for Open-vocabulary Camouflaged Instance Segmentation
(OVCIS). Inputs include an image and a text prompt about target objects in the input image. Outputs
include instance masks of the target objects. The target objects can be novel and have never been seen in
the training data. We leverage state-of-the-art text-to-image diffusion and text-image transfer techniques to
learn textual-visual features that facilitate the object representation learning for segmenting camouflaged
objects.

frozen CLIP model (Radford et al., 2021) to calcu-
late its implicit caption embedding. The caption
embedding is inserted into the SD model at vari-
ous scales (layers) and fused with the SD model’s
last layer to form image-guided features. We call
these features “image-guided features” though they
somewhat include textual information. This is
because the input image drives the textual features
from the implicit caption embedding. The image-
guided features, coupled with annotated training
masks, serve as inputs to train a mask generator
capable of producing instance masks for all poten-
tial categories within the input image. The instance
masks are then used to locate object-relevant fea-
tures in a mask-out manner. This step results in
mask embeddings (i.e., features extracted within
masked regions).

The input text prompt is concurrently pro-
cessed by the CLIP (Radford et al., 2021), inde-
pendently of the input image, and its correspond-
ing text embeddings are calculated. These text
embeddings are transferable to visual features yet
extracted from the textual input, hence consid-
ered as “text-guided features”. The text embed-
dings (text-guided features) and mask embed-
dings (image-guided features) are aggregated by a
textual-visual aggregation module, which aims to
emphasise the learnt features towards foreground

objects defined in the input text prompt. This
module results in a textual-visual representation
for the input image and text prompt.

Next, the textual-visual representation is nor-
malised regarding the instance masks segmented
by the mask generator and finally classified by a
mask classifier into object categories.

The entire pipeline is trained with object cat-
egories in Ctrain. Note that, since the SD and
CLIP models have been pre-trained and frozen,
the training of the entire pipeline is equivalent to
learning of parameters in modules specialised for
CIS (multi-scale feature fusion, mask generator,
textual-visual aggregation, camouflaged instance
normalisation). Once the training is completed,
the inference process carries out open-vocabulary
instance segmentation, i.e., the pipeline can per-
form instance segmentation of object categories in
Ctest.

To make our pipeline specialised to CIS, we
develop several technical components to facili-
tate camouflaged object representation learning
(see Section 3.3) and camouflaged instance normal-
isation (see Section 3.4).
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Fig. 3: Architecture of the multi-scale features
fusion (MSFF) module.

3.3 Camouflaged Object
Representation Learning

Given the features learnt by the SD model from
the input image and the text embeddings produced
by the CLIP from the input text prompt, we per-
form camouflaged object representation learning
via three modules: multi-scale feature fusion, mask
generator, and textual-visual aggregation. These
modules are described below.

3.3.1 Multi-scale Features Fusion

The MSFF module fuses the multi-scale features
from the encoder part of the SD model and the
features from the last layer of the decoder part of
the SD model. We present the architecture of the
MSFF module in Figure 3.

The fusion process concatenates multi-scale SD
encoder features and applies the 1 × 1 convolu-
tion on the concatenated features. The resulting
features are then combined with the concatenated
features via element-wise multiplication, and the
modulated output is added to the SD decoder’s
final-layer features.

3.3.2 Mask Generator

We adopt the decoder in the mask-attention Trans-
former, the core component in the Mask2Former
architecture (Cheng et al., 2022), to realise our
mask generator. The mask generator receives input
as a fused feature vector from the MSFF module
and produces outputs including N class-agnostic
binary masks {mpred

i }Ni=1 and their corresponding

N mask embedding features {zpredi }Ni=1 for all pos-
sible objects in the input image. We illustrate the
mask generator in Figure 4.

Pixel Decoder

Transformer 

Decoder

fused 

features 

mask predictions

query 

features

512

Fig. 4: Architecture of the mask generator.

The mask generator employs a pixel decoder
that progressively increases the resolution of the
fused features from the MSFF module and gen-
erates per-pixel high-resolution embeddings. This
pixel decoder is designed meticulously, using mul-
tiple layers to capture fine-grained and broad
contextual information. Following that, a Trans-
former’s decoder processes the intermediate feature
maps in the pixel encoder to handle object queries,
which are initialised randomly but then learnt
through training. To effectively process the interme-
diate feature maps in the pixel decoder, the mask
generator guides each feature map at a scale to an
individual layer in the Transformer’s decoder. Con-
sequently, each layer in the Transformer’s decoder
focuses on a feature map at a specific scale in
the range of {1/32, 1/16, 1/8}. We observed that
this strategy significantly enhances the ability of
the mask generator to adeptly handle objects in
various sizes.

3.3.3 Textual-Visual Aggregation

The TVA module is designed to highlight object-
relevant features to drive the object representation
learning towards foreground objects, whose archi-
tecture is shown in Figure 5. We later show that
experimental results validated its effectiveness.

The TVA module in our proposed pipeline oper-
ates as follows. Like the Mask R-CNN (K. He et
al., 2017), we crop corresponding features from the
MSFF module and perform mask pooling for each
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Fig. 5: Architecture of the textual-visual aggrega-
tion (TVA) module.

object mask returned by the mask generator. This
step results in mask embeddings (i.e., embeddings
are determined by masks). We then compute the
interactions between these mask embeddings and
the text embeddings produced by the CLIP. Never-
theless, instead of directly using a dot product to
calculate the interaction between two embeddings
as in CLIP (Radford et al., 2021), we apply a soft-
max operator to the dot product of the embeddings
to weight features, then apply mean-normalisation
to remove irrelevant features before aggregating
them by a channel-wise summation. Removing irrel-
evant features helps to mitigate the problem of
noisy activations, making the learning process lean
towards features relevant to the object categories
specified in the input text prompt.

Figure 1 visualises learnt textual features by
our method on several challenging cases. As shown,
the learnt textual-visual features on camouflaged
objects can be well identified and located, although
the objects blend into cluttered backgrounds. This
is evident in the ability of our method to learn
distinguished object-vs-background features.

3.4 Camouflaged Instance
Normalisation

Inspired by the adaptive instance selection net-
work (X. Huang & Belongie, 2017; Pei et al., 2022),
we develop a CIN module to achieve final masks
for the target objects. We present the architecture
of the CIN module in Figure 6.

The CIN module takes inputs as a textual-
visual feature map from the TVA module and
an object mask from the mask generator. A lin-
ear layer first projects the textual-visual feature
map into a higher-dimensional space. Next, affine

Linear

Linear

Element-wise 

Addition

Element-wise 

Multiplication

textual-visual 

features

Linear

Norm

512

Fig. 6: Architecture of the camouflaged instance
normalisation (CIN) module.

weights and biases are attained by applying two
subsequent linear layers to the result of the first
linear layer. The affine weights and biases are then
combined, together with the input mask from the
mask generator, to predict a final instance mask
for the object specified in the input mask. Since
the CIS task is category-agnostic, we use a con-
fidence score for the existence of a camouflaged
object at each location, rather than a classification
score in generic instance segmentation.

3.5 Training

We train the entire pipeline of our method by
optimising the loss functions (binary mask, cross-
entropy, dice losses) used in the mask generator
and the CIN module in a supervised fashion.

Specifically, we adopt a binary cross-entropy
loss as our binary mask loss Lbce and a dice loss
Ldice (Milletari et al., 2016) for supervising binary
mask predictions in the mask generator. The dice
loss is used to remedy class imbalance.

We carry out the training of the CIN module
using the conventional close-vocabulary train-
ing approach. Suppose that we can access to
the ground-truth category label for each object
mask during the training phase. For each mask
embedding zpredi produced by the mask gener-
ator, let ycatei ∈ Ctrain be the corresponding

ground-truth category of zpredi . We invoke the
text encoder T in the pre-trained CLIP model to
encode the names of all categories in Ctrain. This
results in a set of text embeddings T (Ctrain) ={
T (c1) , . . . , T

(
c|Ctrain|

)}
where ck ∈ Ctrain rep-

resents a category name.
The loss for embedding classification (i.e.,

associating mask embeddings mpred
i with their

10



categories ycatei ) is calculated as:

Lce =

1

N

N∑
i=1

CE

(
Softmax

(
zpredi T (Ctrain)

τ

)
, ycatei

)
(2)

where τ is a learnable temperature parameter and
CE is the cross-entropy loss for the classification
of each training embedding.

The total loss for the training of our pipeline
is finally defined as,

L = αLbce + Ldice + Lce (3)

where α is a hyper-parameter, we empirically set
to 0.4.

In line with the work by (Cheng et al., 2022), we
apply the Hungarian matching algorithm (Kuhn,
1955) to match predicted masks with ground-truth
masks and compute the loss between the matching
pairs.

4 Experiments

4.1 Datasets

Following previous studies (Ding et al., 2023; J. Xu
et al., 2023; Zhao et al., 2023; Zheng et al., 2021),
we used the instance segmentation part of the MS-
COCO dataset (Lin et al., 2014) with 80 object
categories to pre-train our model. We then fine-
tuned the model on 3,040 images from the training
set of the COD10K-v3 dataset (Fan et al., 2022).
Pre-training the model on the MS-COCO dataset
aims to learn general knowledge about objects
in the wild, while fine-tuning the model on the
COD10K-v3 dataset adapts the model to cam-
ouflaged objects. We empirically found that this
strategy significantly boosts up the performance
of our method.

We tested our method and others on two bench-
mark camouflaged object datasets: the test set of
the COD10K-v3 (including 2,026 images) and the
NC4K (Lyu et al., 2021) (including 4,121 images).
The NC4K dataset contains only test images.
The training sets (for both pre-training and fine-
tuning) and the test sets (for both the COD10K-v3
and NC4K) share only six common object cate-
gories (out of 80 and 69 object categories from the

MS-COCO and COD10K-v3/NC4K, respectively).
This setting, i.e., cross-dataset training-testing, has
been used widely in the evaluation of the gen-
eralisation ability of CIS models. It reflects the
practicality of CIS, thus ensuring the reliability of
evaluations.

We also evaluated our method on
generic open-vocabulary datasets, including
the ADE20K (B. Zhou et al., 2019) and
Cityscapes (Cordts et al., 2016). For the ADE20K
dataset, we used the validation set of the short
version (B. Zhou et al., 2017) covering 150 object
categories and 2,000 images. The Cityscapes
dataset contains a total of 19 classes, which are
divided into 11 “stuff” and 8 “thing” classes. We
conducted evaluations on the validation set of the
Cityscapes, including 500 images. Note that we
pre-trained our method on the MS-COCO dataset
and then directly evaluated the method on these
open-vocabulary datasets without fine-tuning.

4.2 Implementation Details

We implemented our method in Pytorch and built
it on the Detectron2 framework (Y. Wu et al.,
2019). We trained our method for 90k iterations
with a batch size of 64 on 4 NVIDIA A40 GPUs.
All training images were resized to 512×512-pixels.
Random jitters in the range [0.1, 2.0] were applied
to the training images. We froze both the SD (v1.3)
and CLIP models during training. We adopted the
Adam optimiser (Loshchilov & Hutter, 2019) with
the learning rate γ set to 10−4 and weight decay
of 0.05. We used a step learning rate scheduler and
reduced the learning rate by a factor of 10 at 81k
and 86k iterations.

The training took around 4.3 days to
complete. Due to class imbalance in the
COD10K-v3 dataset, we manually removed some
extremely rare classes, e.g ., classes with less
than five instances. In addition, we applied the
RepeatFactorTrainingSampler from the Detec-
tron2 framework, to allow a sample to appear more
times than others based on its repeat factor.

4.3 Results

We evaluated our method and existing CIS meth-
ods using the average precision (AP) values mea-
sured at different intersection-over-union (IOU)
thresholds. In particular, we calculated the overall
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Table 2: Comparison of our method with existing instance segmentation methods on the test set of the
COD10K-v3 and the NC4K datasets. Methods of the “closed-set supervised learning approach” are trained
on the training set of the COD10K-v3 dataset. Methods of the “open-vocab text-to-image approach” are
pre-trained on the MS-COCO dataset. We denote “Ours” and “Ours (task-specific)” for two variants
of our method without and with fine-tuning on the training set of the COD10K-v3 dataset. “Params”
denotes the number of trainable / total parameters. The best results are bold, and the second best results
are underline.

Method
COD10K-v3 Test NC4K Params

(Millions)AP AP50 AP75 AP AP50 AP75

closed-set

supervised

learning

Mask R-CNN (K. He et al., 2017) 25.0 55.5 20.4 27.7 58.6 22.7 43.9/43.9

MS R-CNN (Z. Huang et al., 2019) 30.1 57.2 28.7 31 58.7 29.4 60.0/60.6

Cascade R-CNN (Cai & Nuno, 2019) 25.3 56.1 21.3 29.5 60.8 24.8 71.7/71.7

HTC (K. Chen et al., 2019) 28.1 56.3 25.1 29.8 59.0 26.6 76.9/76.9

YOLACT (Bolya et al., 2019) 24.3 53.3 19.7 32.1 65.3 27.9 35.3/35.3

BlendMask (H. Chen et al., 2020) 28.2 56.4 25.2 27.7 56.7 24.2 35.8/35.8

SOLOv2 (X. Wang et al., 2020) 32.5 63.2 29.9 34.4 65.9 31.9 46.2/46.2

Condlnst (Tian et al., 2020) 30.6 63.6 26.1 33.4 67.4 29.4 34.1/34.1

Querylnst (Fang et al., 2021) 28.5 60.1 23.1 33.0 66.7 29.4 172.5/172.5

SOTR (Guo et al., 2021) 27.9 58.7 24.1 29.3 61.0 25.6 63.1/63.1

MaskFormer (Cheng et al., 2021) 38.2 65.1 37.9 44.6 71.9 45.8 45.0/45.0

Mask2Former (Cheng et al., 2022) 39.4 67.7 38.5 45.8 73.6 47.5 43.9/43.9

Mask Transfiner (Ke et al., 2022) 28.7 56.3 26.4 29.4 56.7 27.2 44.3/44.3

OSFormer (Pei et al., 2022) 41.0 71.1 40.8 42.5 72.5 42.3 46.6/46.6

DCNet (Luo et al., 2023) 45.3 70.7 47.5 52.8 77.1 56.5 53.4/53.4

MSPNet (C. Li et al., 2024) 39.7 69.8 39.8 41.8 71.8 42.3 48.1/48.1

UQFormer (Dong et al., 2024) 45.2 71.6 46.6 47.2 74.2 49.2 37.5/37.5

CamoFA (M.-Q. Le et al., 2025) 43.5 74.9 42.7 45.0 75.7 44.3 -

Ours (task-specific) 45.1 71.1 47.4 52.9 76.8 55.9 28.7/1522.7

open-vocab

VLM

(w/o finetuning)

MaskCLIP (Ding et al., 2023) 3.3 5.9 4.1 6.3 5.6 6.5 542.0/542.0

MasQCLIP (X. Xu et al., 2023) 4.1 7.7 5.8 8.0 7.6 8.4 375.2/357.2

X-Decoder (Zou, Dou, et al., 2023) 7.7 12.9 7.5 3.9 8.1 3.4 38.3/38.3

SEEM (Zou, Yang, et al., 2023) 6.6 10.8 6.5 9.2 12.7 9.9 415.3/415.3

OpenSeeD (H. Zhang et al., 2023) 6.1 10.4 5.9 9.3 14.5 9.8 116.2/116.2

TPNet (Z. He et al., 2024) 18.3 41.8 14.3 21.4 48.3 16.6 71.78/71.78

open-vocab T2I

(w/o finetuning)

ODISE (J. Xu et al., 2023) 21.1 37.8 20.5 22.9 37.2 21.4 28.1/1522.1

Ours 23.9 44.3 23.1 24.8 44.2 23.9 28.7/1522.7

AP in the range [50%, 95%] for the IOU thresh-
olds (i.e., for a threshold within the above range,
a predicted instance is considered as true positive
if there exists a true instance in the ground-truth
such that their IOU is equal or greater than that
threshold). We also measured detailed AP for the
IOU thresholds of 50% (AP50) and 75% (AP75).

4.3.1 Camouflaged Object Datasets

We report the performance of our method on cam-
ouflaged object datasets (COD10K-v3 and NC4K)
in Table 2 (last row). Recall that, following the
conventional setting in CIS, e.g., (Ding et al., 2023;
J. Xu et al., 2023; Zhao et al., 2023; Zheng et al.,
2021), we pre-trained our model on the MS-COCO
dataset and then fine-tuned it on the training set of
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the COD10K-v3 dataset. To show the effectiveness
of this strategy, we experimented with a variant
of our method by skipping the fine-tuning phase.
In particular, we pre-trained our method on the
MS-COCO dataset and then evaluated it directly
on the test set of the COD10K-v3 and the NC4K
datasets. We show the performance of this strat-
egy in the last row, denoted as “Ours”, in Table 2.
Experimental results show that fine-tuning the
method on a camouflaged object dataset, denoted
as “Ours (task-specific)”, significantly improves its
performance on all evaluation metrics.

We compare our method with existing instance
segmentation methods on the CIS task in Table 2.
We group existing methods into two groups. We
name the first group “closed-set supervised learn-
ing approach”. The methods of this approach
follow the traditional fashion, which supervises
an instance segmentation model on a training set
and tests the model on a test set. This approach’s
training and test sets are in the same domain and
include imagery data only. Most existing instance
segmentation methods in the field can be cus-
tomised to enable CIS using this approach. In our
experiments, the methods of the first group are
trained on the training set of the COD10K-v3
dataset. The second group, called the “open-vocab
approach,” includes methods using the vision and
language model (VLM) and text-to-image diffusion
techniques with open-vocabulary.

As shown in Table 2, our method with full
setting (pre-training and fine-tuning), denoted
as “Ours (task-specific)”, significantly outperforms
ODISE on all evaluation metrics, making a new
state-of-the-art for OVCIS. Our method also per-
forms on par with recent methods (DCNet (Luo
et al., 2023), MSPNet (C. Li et al., 2024),
UQFormer (Dong et al., 2024), and CamoFA (M.-
Q. Le et al., 2025)). Nevertheless, compared
with recent methods, our method requires much
fewer trainable parameters (see the last column
in Table 2). Table 2 also compares all the methods
in terms of the number of parameters used.

In summary, with regard to both segmentation
accuracy and memory usage, our method is more
advanced, compared with existing ones. Recall that
only six object categories are shared between the
MS-COCO dataset (with 80 object categories) and
the COD10K-v3/NC4K dataset (with 69 object
categories). This challenge shows the ability of our
method in handling open-vocabulary tasks.

We visualise several results of our methods
and existing ones in Figure 7. As shown, our
method excels at pixel-level instance segmentation,
accurately delineating camouflaged objects along
their blurry boundaries in cluttered backgrounds.
The results also demonstrate our proficiency in
segmenting multiple instances.

In addition, Figure 8 illustrates failure cases
of our method. We found that our method would
be ineffective in distinguishing and separating an
object that shares very similar characteristics with
others or consists of fragmented parts. However,
such circumstances would also be challenging for
human beings as well.

4.3.2 Generic Open-Vocabulary
Datasets

To showcase the versatility and generality of our
method in various application domains (other than
camouflaged objects), we evaluated our method on
the ADE20K (B. Zhou et al., 2019) and Cityscapes
datasets (Cordts et al., 2016), two widely used
open-vocabulary benchmark datasets. Note that
these datasets are not designed for camouflaged
object detection and segmentation. We summarise
the performance of our method and existing open-
vocabulary instance segmentation methods on
these two datasets in Table 3.

Our method ranks second on both the
ADE20K and Cityscapes datasets. Nevertheless,
compared with the first ranked method, i.e.,
OpenSeeD (H. Zhang et al., 2023), our method uses
approximately four times fewer trainable param-
eters than OpenSeeD, while scarifying less than
1% and 8% of the overall AP on the ADE20K and
Cityscapes datasets, respectively.

4.4 Ablation Studies

In this section, we present ablation studies to
validate different aspects of the design and imple-
mentation of our method. First, we investigated
the impact of prompt engineering and prompt tem-
plates on OVCIS tasks. Second, we validated the
technical modules developed in our method to
make it specialised to CIS tasks.

4.4.1 Prompt Engineering for OVCIS

For open-vocabulary-based studies, an object cate-
gory can be specified by multiple alternative text
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Table 3: Comparison of our method with existing open-vocabulary instance segmentation methods on
the ADE20K and Cityscapes datasets. We measure the accuracy of the segmentation using the AP. “-”
denotes no-report performance. The best results are bold, and the second best results are underline. In
the last two columns, we also report the number of trainable and total parameters used in the methods.

Method ADE20K Cityscapes Trainable Params (M) Total Params (M)

MaskCLIP (Ding et al., 2023) 6.1 - 354.1 (100%) 354.1

ODISE (J. Xu et al., 2023) 13.9 - 28.1 (1.85%) 1522.1

X-Decoder (Zou, Dou, et al., 2023) 13.1 24.9 38.3 (100%) 38.3

OpenSeeD (H. Zhang et al., 2023) 15.0 33.2 116.2 (100%) 116.2

Ours 14.1 25.6 28.7 (1.88%) 1522.7

Table 4: Ablation study on applying prompt
engineering to improve OVCIS. Results are
tested on the COD10K-v3 dataset.

Prompt AP AP50 AP75

✗ 22.8 43.1 22.1

✓ 23.4 +0.6 43.8 +0.7 22.6 +0.5

descriptions. For instance, the “cat” category can
be described as “cat”, “cats”, “kitty”, or “kit-
ties”. To improve the diversity of open-vocabulary
in text prompts, we applied the identical prompt
engineering method introduced by (Ghiasi et al.,
2022) to assemble a list of synonyms, subcate-
gories, and plurals for the categories. Given a text
prompt, the category is chosen as the one with
the highest probability from an ensembling list of
multiple alternative queries. We observed that the
prompt engineering technique is simple yet effec-
tive in improving the segmentation accuracy of
our method. Table 4 shows the impact of applying
prompt engineering to CIS.

4.4.2 Prompt templates for OVCIS

Inspired from Pang et al. (2024), we apply
the prompt template set, which considers task
attributes and shows better performance in Table 5.
We can see that using the prompt template can
affect the influence of different templates on seman-
tic embedding, which inspires further explorations
for more effective prompt engineering.

4.4.3 CIS-Specialised Modules

We developed several technical modules in our
method to make it specialised to CIS. We refer

the reader to Figure 2 for a recall on how the
modules are configured in our pipeline. To confirm
the importance of those modules, we experimented
with different variants of our method, each vari-
ant is made by alteration and/or omission of a
module. We pre-trained the variants on the MS-
COCO dataset for 30k iterations, then tested them
on the test set of the COD10K-v3 dataset. We
present the results of this ablation study in Table 6
and visualise the impact of the different modules
in Figure 10.

We validated the importance of the use of text
in our method (in the 1st row of Table 6). This was
implemented by setting the text embeddings used
in the method to zeros. We observed a significant
drop in the performance of this variant, resulting
in the lowest AP (12.2). This indicates that text
embeddings play a crucial role as they provide
essential contextual or semantic information that
helps to identify camouflages.

We propose the MSFF module to fuse image-
guided features learnt by the diffusion model at
multiple scales. We validated the design of this
module by comparing it with the standard fusion
approach that concatenates the multiscale features
from the encoder with the last layer of the decoder
of the diffusion U-Net. The experimental results
(in the 2nd and 3rd row of Table 6) show that the
standard fusion approach incurs a performance loss.
Moreover, compared with the full setting, which
fuses all layers of both the encoder and decoder of
the diffusion U-Net, the last layer of the diffusion
U-Net appears to carry substantial information for
the CIS task.

We develop the CIN module to further enhance
the representations of camouflaged objects, such
as prediction and classification. To validate the
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Fig. 7: Qualitative comparison of our method with existing methods on the COD10K-v3 and NC4K
datasets. This figure is best viewed in colour.

CIN module, we removed it from our pipeline by
directly passing the output from the TVA module
to mask prediction and classification. We found
that, by omitting the CIN module, the AP of the
pipeline decreases dramatically (from 19.3 to 17.6),
as shown in the 4th row of Table 6.

We devise the TVA module to aggregate textual
and visual features in an instance-oriented man-
ner, i.e., textual and visual features are aggregated
alongside instance masks and consolidated against
the background via feature weighting. To validate
this module, we simplified its operation by apply-
ing an element-wise dot product on the input mask
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Fig. 8: Failure cases of our method on the COD10K-v3 dataset. In the first and second columns, our
method fails to separate instances of nearby and similar objects, such as the yellow fish and two sea
lions. Our method can detect and segment camouflaged objects in the third and fourth columns but with
slightly less accurate boundaries. In the last column, our method struggles with the significant spatial
separation of the black panther’s body parts, leading to misclassification of the entire object. This figure
is best viewed in colour.

Table 5: Ablation study on applying prompt templates to improve OVCIS. Results are tested on the
COD10K-v3 dataset.

Task-related templates AP

“A photo of <class>.” 23.4

Using multiple templates:

23.9 +0.5

☞ “A photo of the camouflaged <class>.”

☞ “A photo of the concealed <class>.”

☞ “A photo of the <class> camouflaged in the background.”

☞ “A photo of the <class> concealed in the background.”

☞ “A photo of the <class> camouflaged to blend in with its surroundings.”

☞ “A photo of the <class> concealed to blend in with its surroundings.”

embeddings and text embeddings. We observed
that, compared with other modules, the TVA mod-
ule is less critical, which is evident by the low
performance drop when simplification is applied
to its architecture (see the 5th row of Table 6).

4.5 Additional Analysis

In our method, we utilised CLIP (Radford et
al., 2021) (text and image encoders) to extract
textual and visual features. We showcase CLIP’s

capability in Table 7, where we evaluate CLIP in
performing zero-shot classification of camouflaged
objects on different datasets (COD10K-v3, NC4K,
CAMO (T.-N. Le et al., 2019)). Specifically, we
applied the NLTK’s WordNet to extract the ani-
mal type from each image’s caption generated by
ClipCap (Mokady et al., 2021) and check if the
animal type and corresponding ground-truth cate-
gory share the same hierarchical semantic relation
(depth of the hypernym = 10) (Fu et al., 2014). In
detail, the depth value helps in understanding the
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Table 6: Ablation study on the effectiveness of the proposed technical modules to CIS. Results are tested
on the COD10K-v3 dataset by using the AP metric.

Variant Ours
Ours
(task-specific)

no text (text embeddings = 0) 12.2 -7.1 31.4 -13.5
skip MSFF module (only the last layer of the diffusion U-Net is used) 18.4 -0.9 40.5 -4.4
skip MSFF module (concatenation of all multiscale features) 18.1 -1.2 39.8 -5.1
skip CIN module (directly use the TVA’s output for instance classification) 17.6 -1.7 37.7 -7.2
skip TVA module (element-wise dot product of mask embedding and text embedding) 18.8 -0.5 42.7 -2.2

Full setting 19.3 44.9

Table 7: Zero-shot image classification using CLIP
on camouflaged datasets.

COD10K-v3 NC4K CAMO

Accuracy (%) 48.06 45.69 46.48

Fig. 9: Sample of hierarchical structure of “Sum-
mer Flounder” with the hypernym’s depth = 10.

position and specificity of a concept within a hier-
archical structure (the higher the depth, the more
specific the concept). The example of the “Summer
Flounder” is shown in Figure 9.

In addition, we conducted a “prompt coars-
ening” ablation by systematically replacing
fine-grained category names with their WordNet
hypernyms, same as in our CLIP analysis above
(e.g ., cat → feline → mammal → animal) and
reporting performance degradation. Because “ani-
mal” is semantically related but less discriminative,
we expect decreased class separability among sub-
classes, which this stress test will quantify. To
make this evaluation meaningful under hierarchi-
cal substitutions, we will report both standard AP
(exact-label) and a semantics-aware metric (e.g.,
Open AP (H. Zhou et al., 2025)), which explicitly

accounts for semantic similarity between predicted
and ground-truth names as advocated in prior work
on open-vocabulary evaluation. We reported the
results in Table 8. As shown, the standard AP
exhibits a significant decrease, whereas Open AP
indicates only a slight decline. This is mainly due to
the stability of localization in Open AP, while fine-
grained naming necessitates specific prompts. This
behavior aligns with the expected performance of
a text-conditioned open-vocabulary system.

We also evaluated our work in the COD setting,
where only binary masks are considered. Specifi-
cally, we experimented with our method on bench-
mark COD datasets, including CAMO, Chameleon,
and COD10K-v2. We report the results of this
experiment in Table 9. The results demonstrate
the superiority of our method over existing COD
baselines. In detail, while Camouflous (Khan et
al., 2024) reports low MAE values on CAMO
(0.043 MAE) and COD10K-v2 (0.021 MAE), our
model achieves the highest F , S, and E on these
datasets, including leading F scores on CAMO
(0.847 F ) and COD10K-v2 (0.807 F ). Compared
with the models C2F-Net (Y. Sun et al., 2021) and
BCNet (Xiao et al., 2023), which emphasize global
context fusion and boundary-aware refinement,
our method strikes a balance between semantic
precision and contextual depth, thereby produc-
ing more robust segmentation results. Notably, on
Chameleon, our method slightly trails Camouflous
in MAE (0.119 vs. 0.021) but still delivers the high-
est E (0.959), indicating stronger overall object
integrity. These results validate the effectiveness
of our task-specific design in COD.
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Table 8: Results on OVCIS evaluated on “coarser prompts” by vanilla and Open AP on the test set of
the COD10K-v3 and the NC4K datasets.

Coarser Prompts Metric
COD10K-v3 Test NC4K

AP AP50 AP75 AP AP50 AP75

✗ Vanilla AP 23.9 44.3 23.1 24.8 44.2 23.9

✓ Vanilla AP 22.7 42.1 21.9 23.6 41.9 22.7

✓ Open AP 23.3 43.2 22.5 24.2 43.1 23.3

Table 9: Comparison of our method with existing closed-set supervised learning camouflaged detection
(binary segmentation) methods on the test set of the CAMO, Chameleon, and COD10K-v2 datasets. We
adopt the results from (Jamali et al., 2025).

Method
CAMO Chameleon COD10K-v2

MAE ↓ F ↑ S ↑ E ↑ MAE ↓ F ↑ S ↑ E ↑ MAE ↓ F ↑ S ↑ E ↑

C2F-Net (Y. Sun et al., 2021) 0.091 0.647 0.796 0.828 0.034 0.782 0.828 0.950 0.043 0.629 0.775 0.872

DiCANet (Ike et al., 2024) 0.068 0.790 0.830 0.886 0.028 0.776 0.853 0.914 0.032 0.676 0.802 0.890

PCFNet (Z. Song et al., 2023) 0.053 0.840 0.844 0.913 0.023 0.876 0.912 0.957 0.027 0.751 0.838 0.924

BCNet (Xiao et al., 2023) 0.069 0.761 0.802 0.865 0.029 0.802 0.839 0.944 0.033 0.704 0.827 0.894

CamoMFCF (Wen et al., 2024) 0.080 0.727 0.796 0.854 0.032 0.805 0.838 0.935 0.036 0.686 0.813 0.890

Camouflous (Khan et al., 2024) 0.043 0.842 0.873 0.926 0.021 0.866 0.902 0.958 0.021 0.802 0.873 0.935

Ours (task-specific) 0.044 0.847 0.878 0.931 0.119 0.865 0.901 0.959 0.020 0.807 0.873 0.933

5 Conclusion

This work advances the computer vision research
for open-vocabulary camouflaged instance seg-
mentation (OVCIS) by leveraging text-to-image
diffusion and text-image transfer techniques. To
this end, we propose a method that effectively
integrates textual information learnt from open-
vocabulary into the visual domain to enrich the
representations of camouflaged objects. We eval-
uate our method and compare it with existing
methods in both CIS and generic open-vocabulary
segmentation on benchmark datasets. Experimen-
tal results show the effectiveness and advantages of
our method over existing baselines in both tasks.

Limitations and Future Works. Despite proven
strengths, the proposed method has limitations.
While the learnt knowledge from natural lan-
guage can effectively distinguish an object from
its background when visual cues are insufficient
due to camouflages, it may not be helpful to sepa-
rate touching/overlapping instances. Additionally,

the method struggles with segmenting occluded
objects. Under severe occlusions, a camouflaged
object can be over-segmented into non-semantic
fragments, leading to misclassification of the object.
Enhancing object representations with background-
aware features from open-vocabulary (i.e., by using
text prompts including both foreground and back-
ground information, e.g., “a lizard is on a tree”)
may help to address the aforementioned issues. We
consider this research direction to be our future
work.

Broader Impact.
Our study directly contributes to advance

research on wildlife monitoring, ecological interac-
tions, and evolutionary understanding related to
camouflage in nature (Beery et al., 2018; Norouz-
zadeh et al., 2018; Simões et al., 2023; Troscianko
et al., 2017). To the best of our knowledge, our
work is the first open-vocabulary approach to cam-
ouflaged instance segmentation, offering advanced
features such as zero-shot performance ability
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Fig. 10: Qualitative intermediate outputs for module ablations. The attention map (interim
result) is a heat map of an object instance where foreground pixels are highlighted in red and background
pixels are represented in blue. These intermediate outputs explain the quantitative gains in Table 6: the
skip MSFF module (concat), the skip CIN module, the skip TVA module, and the full setting. This figure
is best viewed in colour.

and multimodal enabling, improving the practi-
cality of computer vision-based ecological studies.
In addition, our work can significantly influence
future developments in other fields, including, for
instance, safety and security applications (e.g.,
military reconnaissance (Liu & Di, 2023)) and
medical diagnostics (e.g., camouflaged colon polyp
segmentation (H. Wang et al., 2024)).
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