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Abstract

Camouflaged object detection (COD) is a challenging task in computer vision,
aiming to accurately identify and locate objects that blend into complex back-
grounds. Traditional COD methods rely heavily on pixel-level annotations, which
are labour-intensive and prone to subjective bias. To address this, we propose a
weakly-supervised COD approach that leverages multimodal information, specif-
ically RGB and depth data, to enhance detection accuracy. Our method intro-
duces a cross-modal adaptive relationship fusion module to dynamically adjust
the contribution of each modality, ensuring optimized feature integration. Addi-
tionally, we employ a cross-modal pseudo-supervised label mapping method to
generate comprehensive pseudo-RGB-D labels for network supervision. To ensure
complete supervision across all modalities, we introduce a modality-specific loss
function called deep dual loss. Experimental results on four benchmark datasets
demonstrate that our approach significantly outperforms existing state-of-the-
art methods, establishing a new benchmark in weakly-supervised COD. Here, we
show an average improvement of 3.2% in structure measure (Sα) and 2.5% in
mean E-measure (Emean

ξ ) across datasets, highlighting the effectiveness of our
multimodal fusion and pseudo-labeling strategies.
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1 Introduction

Camouflaged object detection (COD) is a challenging problem in the field of com-
puter vision. Its main goal is to accurately identify and locate objects that blend into
the background in complex or natural environments [1]. This task is of significant
importance in various application areas, including military stealth technology [2], bio-
diversity conservation [3], medical image processing (such as tumor detection)[4, 5]
and autonomous driving[6].

In Fig. 1, we present the scribble annotation dataset in the context of two dis-
tinct tasks: salient object detection (SOD) and camouflage object detection (COD).
Both tasks involve distinguishing an object of interest from its background, where
accurate differentiation between foreground and background plays a pivotal role in
achieving successful detection. In both SOD and COD, scribble annotations provide a
sparse, weakly supervised way to define the foreground, requiring models to learn to
extrapolate the object’s full form from minimal input.

However, despite these similarities, camouflaged object detection presents addi-
tional challenges compared to salient object detection [7, 8]. For SOD, RGB images
typically exhibit clear differences between the foreground and background in terms of
color, texture, and other attributes [9]. Moreover, salient objects generally have intact
shapes and relatively simple boundaries, which makes it easier for most models to
effectively use scribble annotations to predict the object accurately [10].

Conversely, for COD, the boundaries between the foreground and background tend
to be ambiguous, as camouflaged objects are designed to blend into their surround-
ings. Foreground and background often have similar visual attributes, with partial
occlusions and multiple overlapping objects, making it significantly harder for models
to distinguish concealed classes. As a result, directly applying weakly supervised SOD
methods to COD often results in poor performance.

Weakly supervised camouflaged object detection (WS-COD) aims to reduce
reliance on large amounts of pixel-level labeled data, making it useful for detect-
ing camouflaged objects in complex environments. Traditional COD methods require
substantial high-quality annotations, which are labor-intensive and prone to subjec-
tive bias. Weakly supervised approaches use coarse annotations (e.g., scribble-level,
bounding boxes) to reduce annotation costs [11, 12]. This weakly supervised learn-
ing paradigm has also shown great potential in mitigating annotation efforts in other
computer vision tasks, such as human pose estimation [13]. However, the high simi-
larity between camouflaged objects and backgrounds poses a significant challenge for
weak supervision. Camouflaged objects blend seamlessly in terms of color, texture,
and boundaries, making it difficult to capture subtle distinctions. Recent research has
focused on improving weak supervision through adaptive mechanisms [14], multi-scale
feature extraction [15, 16], and boundary guidance [17–20]. Other strategies include
surpassing human vision [21, 22], multimodal fusion [23, 24], and joint modeling for
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Fig. 1 A visual comparison between salient object detection datasets annotated with scribbles and
camouflaged object detection datasets, both under weak supervision. The foreground is marked in
red, while the background is marked in blue.

(a) (b) (c) (d) (e) (f) (g) (h) (i)

Fig. 2 The scribble supervised RGB-D camouflaged object detection dataset, along with its cor-
responding multimodal extended pseudo labels, comprises several components: (a) RGB image, (b)
depth map, (c) ground truth, (d) scribble annotations image (where red indicates foreground and
blue indicates background), (e) RGB superpixel image, (f) pseudo-RGB label, (g) depth superpixel
image, (h) pseudo-depth label, (I) pseudo-RGB-D label.

multiple tasks [17, 25]. Despite progress, effectively utilizing high-level visual features
for weakly supervised sparse data remains a challenge.

In this paper, we propose a novel algorithm for weakly supervised COD that intro-
duces depth information as an additional clue to supplement sparse data. To address
the issue of imbalanced fusion ratios between different modalities, we introduce a
cross-modal adaptive relationship fusion (CARF) module. This module utilizes spatial
view attention and channel view attention to generate cross-modal attention repre-
sentations for different modalities, employing a two-stream encoder to extract RGB
features and spatial position features separately. Subsequently, learnable parameters
are introduced to fine-tune the input ratio of cross-modal attention. Through dynamic
feature fusion, CARF promotes consistency in the structure and weight distribution
between cross-modal information, allowing for dynamic adjustment of each modality’s
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contribution based on task requirements. This results in better handling of redun-
dancy and conflicts between modalities, ultimately promoting complete segmentation
under sparse information conditions.

To further address the challenge of sparse information in weakly supervised images,
we propose a cross-modal pseudo-supervised label mapping (CPLM) module. In cam-
ouflaged object detection, pseudo-labels generated solely from RGB images often
lack crucial structural information about the objects. While these labels may pro-
vide supplementary texture and detail information, they are limited in understanding
three-dimensional space. In a multimodal setting, pseudo-labels generated from depth
maps can better preserve the structural integrity of camouflaged objects and provide
more accurate spatial localization. As illustrated in Fig.2, superpixel segmentation
regions vary significantly across different modalities, as shown in Fig.2(e), (g). Conse-
quently, the resulting pseudo-labels in Fig.2(f), (h) also differ accordingly. Although
the extended pseudo-labels provide more accurate pixel-level information compared
to scribble annotations, relying solely on pseudo-labels from a single modality can be
inherently imprecise. To address this limitation, we propose a complementary approach
that aggregates pseudo-labels generated from both modalities, as depicted in Fig.2(i).
This strategy effectively mitigates the limitations of superpixel segmentation under
a single modality. The CPLM module first expands the sparse annotations of RGB
and depth superpixels, then aggregates the pseudo-labels using adaptive convolution
iterations, and finally supervises using cross-modal multi-layer relationship fusion and
deep feature branches.

To make effective use of the pseudo-labels generated across different modalities,
we introduce a modality-specific loss function, referred to as deep dual loss, to ensure
comprehensive supervision for all modalities. A unified structural loss is used to super-
vise the output of the main branch, while the deep dual loss supervises the output of
the auxiliary branch, ensuring that the internal structure of the object remains smooth
and consistent in depth map predictions, resulting in a clearer and more accurate
depth representation.

Our main contributions are summarized as follows:

• To the best of our knowledge, this work represents the first integration of cross-
modal information into weakly supervised COD, achieving fusion at both the feature
and pseudo-label levels.

• We propose the CARF module, which utilizes learnable parameters to adaptively
fine-tune cross-modal attention ratios. This mechanism enables deep optimization
and adaptive fusion of cross-modal features.

• We design the CPLM module to extend multimodal superpixel generation. It
incorporates dynamically weighted aggregation and a bidirectional supervision
mechanism, effectively overcoming the limitations of single-modality superpixel
segmentation.
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Fig. 3 Overall architecture of the proposed SPMCNet. It comprises three key components: a
Transformer-based encoder, cross-modal adaptive relationship fusion (CARF) and cross-modal
pseudo-supervised label mapping (CPLM).

2 Related Work

2.1 Weakly Supervised Camouflaged Detection

Pixel-level annotation in COD is highly time-consuming. To mitigate this burden
and reduce annotation costs, recent years have witnessed the exploration of weakly-
supervised COD approaches. He et al.[12] pioneered the use of scribbled labels for
model training. He et al.[26] leveraging the Segment Anything Model to generate seg-
mentation masks by treating scribbled annotations as prompts. Chen et al.[27] adopted
a novel cue-adaptive knowledge distillation strategy to ensure reliable feature repre-
sentation and mitigate the negative impact of inaccurate mask prediction. Zhang et
al.[28] explored the potential of using bounding boxes as cues in camouflage scenes and
proposed the first weakly semi-supervised COD method. Niu et al.[29] used extracted
regional features as prior knowledge to produce discriminative edge maps to refine
object boundaries in an iterative and multi-level manner. Subsequently, Chen et al.[30]
introduced point labels for the first time in training, further streamlining the anno-
tation process. Nevertheless, both methods rely solely on a single type of label for
supervised training. We propose incorporating superpixel segmentation to generate
pseudo labels for scribbled annotated data. By utilizing pseudo labels derived from
superpixel segmentation mappings across different modalities for supervised training,
we significantly enhance the model’s robustness and accuracy. Furthermore, manag-
ing the inherent label noise generated during the pseudo-labeling process is crucial,
a challenge that has also inspired robust learning strategies in other visual domains,
such as 3D point cloud segmentation under label noise [31].

2.2 Multimodal Fusion Strategy

For RGB-D/T SOD and COD, avoiding sole reliance on RGB or depth/temp
images, mitigating low-quality maps’ impact, and enhancing model robustness is cru-
cial [32]. Efficiently fusing cross-modal complementary info is a pivotal step. Exploring
fusion methods significantly improves SOD and COD quality. For instance, advanced
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transformer-based attention fusion mechanisms have demonstrated remarkable effi-
cacy in capturing structural details for low-quality image enhancement [33]. In the
field of RGB-D/T, Tu et al.[34] apply graph learning to cross-modal fusion, segmenting
inputs and constructing graphs to capture relationships and saliency cues. Fu et al.[35]
leverage a Siamese network for cross-modal knowledge sharing, treating depth maps
as color images for feature extraction. Zhang et al.[36] captures contextual features
through multi-scale and multi-modal fusion, integrating complementary information to
improve robustness to illumination and occlusion. Li et al.[37] introduced the mutual
information upper bound and mutual information minimization regularization term
based on the principle of disentangled representation learning to promote the disen-
tangled representation of each modality in salient object detection. Zhan et al.[38]
designed a cross-modal fusion Mamba to perform feature enhancement of specific
modalities and simulate the inter-modal correlation between RGB and depth features.
Additionally, recent advancements have proposed integrating multi-scale refinement
with cross-modalities fusion networks to deeply mine RGB and depth cues for salient
object detection [39].

There are limited studies on RGB-D COD, which led us to analyze existing
research. Xiang et al.[40] first incorporated depth as an auxiliary branch, but its
lightweight design failed to effectively control depth quality during fusion, impact-
ing detection performance. Wu et al.[11] adopted a three-segment network comprising
a deep generation network, an object pop-up network, and a segmentation net-
work to predict segmentation. Yet, even with prior knowledge, their approach was
found to be insufficient in distinguishing objects from backgrounds when fusing dif-
ferent modalities. Unlike these methods, our approach dynamically adjusts fusion
ratios with learnable weights, optimally combining RGB and depth features, and uses
pseudo-labels for supervision to enhance accuracy.

3 Methodology

The structure of our model, illustrated in Fig. 3, is named the SuperPixel-Multimodal
Collaboration Network (SPMCNet). Given an input RGB image I with size I ∈
R

3×H×W where H and W represent the spatial resolution of the image, our objec-
tive is to leverage the depth map from multimodal data to facilitate the modeling of
pseudo-depth labels while integrating spatial information for more precise segmenta-
tion of camouflaged objects. Initially, the input image I is fed into a monocular depth
estimation network to produce a highly accurate depth map D. Subsequently, I and
D are individually processed through a two-stream encoder to extract RGB features
and spatial features, respectively. Following this, we fuse the RGB and spatial fea-
tures and decode them as the primary branch output Fout of the network, aiming to
extract boundary information of the camouflaged object. In parallel, we decode the
spatial features separately as the auxiliary branch output Dout to capture the loca-
tion information of the camouflaged object. Ultimately, the pseudo-RGB labels and
pseudo-depth labels generated by the joint action of scribbled annotation and I, D

are aggregated to generate pseudo-RGB-D labels. These pseudo-RGB-D labels serve
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Fig. 4 Illustrations of the cross-modal spatial view attention. The category activation map shows
that our attention module yields more precise and comprehensive segmentation, enhancing represen-
tation.

to supervise the entire network, with the pseudo-depth labels also providing auxiliary
supervision for improved performance.

3.1 Generation of Detailed Depth Maps from RGB Images

In actual environments, acquiring depth maps is often prohibitively expensive, requir-
ing significant manpower and material resources. To address this issue, we employ a
pre-existing method for generating depth maps, enabling multimodal input. Thanks
to the rapid advancements in depth estimation, we have selected the state-of-the-art
Depth Anything V2 [41] in the field of monocular estimation, which provides us with
precise depth map. As depicted in Fig. 2(a), (b), it becomes evident that for the task of
identifying camouflaged objects, distinguishing the object under an RGB image poses
a challenge due to its similar color and texture information to the surrounding envi-
ronment. In contrast, the depth map, which represents distance information through
pixel grayscale values, facilitates the identification of camouflaged objects. Conse-
quently, the spatial position information encoded within the depth map is invaluable
in locating camouflaged objects.

3.2 RGB and Depth Map Fusion

We input I and D into the dual-stream encoder to extract RGB features and spatial
position features, respectively.

We draw inspiration from Pang et al.[42] and introduce CARF. This approach uti-
lizes spatial view attention and channel view attention tailored to different modalities
to derive cross-modal attention representations. Ultimately, we introduce parame-
ters to fine-tune the input ratio of cross-modal attention, thereby achieving a fully
integrated and optimized fusion result.

3.2.1 Cross-modal Spatial View Attention

We first convolve the input RGB feature map Ergb and the deep feature map Ed to
obtain Q, K and V, where the information sources for Q, K and V stem from distinct
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modalities. This transformation facilitates the establishment of interactions between
these diverse information sources. Subsequently, position encoding is applied to achieve
block-level patch re-embedding. By reorganizing the inputs Q, K and V, the attention
mechanism operates at the block level, enabling each block to independently perform
attention calculations. Finally, we leverage the multi-head self-attention mechanism
within the transformer [43] to compute attention scores between each feature encoding
block and perform position decoding. This approach captures the spatial relationships
between image blocks in a multi-modal context. Fig. 4 illustrates the entire process
of this module. The category activation map we selected represents the input and
output from the shallow layer. It becomes evident that, after the interaction of dif-
ferent information sources, the attention is more pronounced around the edges of the
camouflaged object. This can be expressed as:

Zd
s = [Attn(Qrgb

h ,Kd⊤
h , V d

h , e)]
Nh

h=1Ws (1)

where Qh, Kh and Vh are a single head of query, key and value, respectively. Nh is the
number of heads, D denote the number of pixel tokens and the embedding dimension.
e =

√

D/Nh is a scaling factor. [. . .]Nh

h=1 represents the concatenation operation for all
heads and Ws is output projection matrices corresponding to spatial views to fuse
these heads.

3.2.2 Cross-modal Channel View Attention

Cross-modal channel view attention is akin to cross-modal spatial view attention, with
the key distinction lying in the omission of position encoding and the shift in the focus
of pairwise similarity calculations. Instead of comparing spatial positions within the
feature sequence, this approach calculates similarities between independent feature
channels, thereby capturing the intricate relationships existing among channels within
the multimodal feature map. Mathematically, this can be expressed as:

Zd
c = [Attn(Qrgb⊤

h ,Kd
h, V

d⊤
h , n)]Nh

h=1Wc (2)

where N = H ×W . n =
√
N is a scaling factor. Wc is output projection matrices

corresponding to channel views to fuse these heads.

3.2.3 Cross-modal Adaptive Relationship Fusion

The output features Zd
s and Zd

c from the cross-modal spatial view attention branch
and the cross-modal channel view attention branch are integrated through learnable
weights αd ∈ [0, 1] and βd ∈ [0, 1], respectively, yielding the cross-modal attention
output Zd

sc, which represents the propagation of RGB information into the deep fea-
tures. However, merely obtaining information flow from one modality to another is
insufficient. We also aim to capture the propagation of deep information back to the
RGB features, denoted as Zrgb

sc . Consequently, we adjust the variables in the afore-
mentioned formula accordingly: Qrgb → Qd, Kd → Krgb, V d → V rgb, and introduce
additional learnable weights αrgb ∈ [0, 1] and βrgb ∈ [0, 1] for this purpose. Ultimately,
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we augment each original feature map with its respective cross-modal attention out-
put, and then concatenate these enhanced feature maps to produce the final output
Zrgbd
sc , which can be expressed as follows:

Zd
sc = αdZd

s + βdZd
c (3)

Zrgb
sc = αrgbZrgb

s + βrgbZrgb
c (4)

Zrgbd
sc = Cat(Zd

sc + Ed, Z
rgb
sc + Ergb) (5)

Algorithm 1 Foreground-Background Selective Extension.

Input: (1) An RGB or depth image M ;
1: (2) Scribble annotation Y = {yi}Ni=1, where yi = 1/2/0 indicates foreground,

background, and unknown pixels, respectively, and N is the number of pixels;
Output: Extended pseudo labels Ŷ ;
2: /*Step1: Use SLIC algorithm to segment the image M , generating the superpixel

image mask set P = {P k}Tk=1, where T is the number of superpixels; Each P k only
highlights the current superpixel.*/

3: P← SLIC(M);
4: /*Step2: If the degree of overlap between a superpixel and the foreground scribble

yi = 1 surpasses that with the background scribble yi = 2, and additionally, the
foreground overlap exceeds 1, then the superpixel is labeled as foreground.*/

5: Initialize Ŷ ← zeros(N);
6: for each P k in P do

7: if
∑

(P k · (yi = 1)) >
∑

(P k · (yi = 2)) and
∑

(P k · (yi = 1)) > 1 then

8: Ŷ ← Ŷ +P k

9: end if

10: end for

return Ŷ .

3.3 Cross-modal Pseudo-supervised Label Mapping

Existing methods [44, 45] employ scribble annotation on RGB images to generate
pseudo labels through superpixel segmentation. However, for the detection of cam-
ouflaged objects, as exemplified in Fig. 2(f), (h), the pseudo labels derived solely
from RGB images frequently lack substantial structural information about the cam-
ouflaged objects. They may also have limitations in comprehending three-dimensional
space, though they offer certain textural and detailed information as supplements.
Conversely, we have observed that the pseudo labels generated from depth maps, in a
multimodal setting, can better preserve the structural integrity of camouflaged objects,
with relatively accurate general positions. However, they lack the richness of texture
details found in pseudo-RGB labels and struggle to capture the shapes and edges of
small objects.
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Given these insights, we aim to supervise the network’s output by fusing pseudo-
RGB labels with pseudo-depth labels to create comprehensive pseudo-RGB-D labels.
Additionally, considering the unique challenges posed by camouflaged objects, we
incorporate pseudo-depth labels to refine the final prediction results from the depth
branch, thereby achieving more precise localization of camouflaged objects. Our
approach comprises three key steps: extension, aggregation and supervision.

3.3.1 Extension

We introduce a foreground-background selective extension module to generate pseudo
labels for two modalities. Initially, we utilize simple linear iterative clustering
(SLIC) [46] to segment the image into multiple superpixel regions, which simulta-
neously considers both spatial and color distances for clustering. Subsequently, we
perform algorithmic processing on the scribble annotated image. For camouflaged
objects, if the number of superpixel regions is insufficient, it becomes challenging to
distinguish between foreground and background pixels within the same superpixel, as
they may coexist. Conversely, overly large superpixel regions increase computational
complexity. To tackle this issue, we adopt a compromise algorithm strategy to address
the challenge of fine-grained superpixel segmentation. Specifically, we first segment
the image into appropriately sized superpixel regions. If the number of foreground
pixels within a superpixel exceeds the number of background pixels, and the count of
foreground pixels is greater than one, we label that superpixel as foreground. Other-
wise, it is labeled as background. Consequently, the scribble annotation Y is expanded
through RGB and depth superpixels to generate corresponding pseudo-RGB label Ŷ r

and pseudo-depth label Ŷ d, striking a balance between efficiency and performance.
The algorithm’s process is outlined in Alg 1.

3.3.2 Aggregation

The extended pseudo-labels, obtained through SLIC which considers local similarity,
inherently contain some noise at the object boundaries, as illustrated in Fig. 2(f),
(h). To mitigate this, we employ the PAR method [47] to smooth and refine both
pseudo-labels, ultimately generating the aggregated pseudo-RGB-D label Ŷ rd. The
PAR method defines a convolution kernel that incorporates RGB and spatial infor-
mation and computes it based on the pixel’s neighboring positions. This kernel is
iteratively applied to the average values using adaptive convolution [48], effectively
correcting the pseudo-labels.

Ŷ rd = PAR(Avg(Ŷ r, Ŷ d), D) (6)

Here, we utilize the depth map D instead of the RGB image I to refine the average,
as the depth map offers richer distance information that is more effective in refining
camouflaged objects compared to the RGB map. As evident in Fig. 2(i), the aggregated
pseudo-RGB-D label yields superior results.
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3.3.3 Supervision

We employ the decoded output from the CARF as the main branch prediction, while
utilizing the decoded output of the deep feature branch as an auxiliary prediction for
supervision. Notably, we apply a prediction head and perform upsampling on four
decoded outputs in the main branch for supervision, leveraging deep supervision to
concurrently oversee the outputs of the initial layers. In contrast, the auxiliary branch
utilizes only the final layer’s decoded output for supervision, as the low-level features
in the depth map, rich in details but also noise, may lead to unstable predictions if
directly decoded. Consequently, we rely on the model’s ability to filter out noise and
irrelevant information during the initial layers’ extraction and fusion process.

4 Loss Function

To optimally harness the pseudo-labels generated across different modalities, we intro-
duce a modality-specific loss function, thereby ensuring comprehensive supervision of
the entire model.

4.1 Unified Structural Loss

We employ the unified structural loss to supervise the main branch output. This loss
is specifically designed to optimize pixel-level accuracy, region overlap accuracy, and
structural similarity of the image simultaneously, utilizing binary cross entropy (BCE),
intersection over union (IoU) and structural similarity (SSIM) losses. By doing so, it
comprehensively highlights the camouflaged object from various perspectives. It can
be formulated as:

Lus =

4
∑

i=1

(Lbce(F
i
out, Ŷ

rd) + Liou(F i
out, Ŷ

rd)+

Lssim(F i
out, Ŷ

rd)) (7)

4.2 Depth Dual Loss

We use depth dual loss to supervise the auxiliary branch, emphasizing the structural
distinctiveness of camouflaged objects. The depth dual loss comprises two parts: (1)
BCE loss (Ld

bce) to differentiate depth values between the camouflaged object and
its surroundings using pseudo-depth labels; (2) Depth smoothness loss (Ld

s), which
multiplies the pseudo-RGB-D label with the depth prediction (Dobj = Dout ⊗ Ŷ rd)
to mask background pixels, ensuring smooth internal object structure and reducing
high-frequency noise. Let ∇x and ∇y be the Sobel operations.

Ld
bce = Lbce(Dout, Ŷ

d) (8)
−−→
n(p) = (−∇x(Dobj(p));−∇y(Dobj(p)); 1) (9)

Ld
s =

∑

p

∑

q∈N (p)

1− cosine(
−−→
n(p);

−−→
n(q)) (10)
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Ldd = Ld
bce + Ld

s (11)

where −→n stands for the normal, p denotes the pixels within the object region, N (p)
is the neighboring pixels, and cosine is the cosine similarity between two vectors.

Therefore, the final loss function Ltotal is recorded as:

Ltotal = Lus + Ldd (12)

5 Experiments

5.1 Experiment Settings

Datasets. The training set we utilize is S-COD [12], introduced by He et al., marking
the first dataset tailored specifically for the COD task under a weakly-supervised
framework. Fig. 2(d) visually represents the annotations of this dataset. For the test
set, we employ four widely recognized datasets: CHAMELEON [49], CAMO [50],
COD10K [51] and NC4K [52].

Evaluation Metrics. We use four common metrics for evaluation, including struc-
ture measure (Sα) [53], mean E-measure (Emean

ξ ) [54], adaptive F-measure (Fw
β ) [55]

and mean absolute error (M).
Implementation Details. Our proposed model is implemented in PyTorch and

accelerated using an NVIDIA GTX 4060 Ti GPU. We use PVT-v2-B2 [56] as the
backbone, initialized with pre-trained weights, with independent backbones for RGB
images and depth maps. Under this setting, the overall computational complexity is
182.13G FLOPs, and the total number of parameters is 53.33M. Here, for a compre-
hensive comparison, we also provide one variants of our SPMCNet with backbones
of ResNet50. Input images are resized to 352 × 352 pixels, and we set the number of
superpixels to 100. To reduce overfitting, we apply random data augmentation, includ-
ing scaling, flipping, rotation, and color enhancement. The model is trained using the
Nadam [57] optimizer for 50 epochs, with a batch size of 8. The initial learning rate
is 1e−4, decayed to 1/10 every 30 epochs.

5.2 Compare with State-of-the-arts

Quantitative Comparison. We selected a total of 14 methods for comparison, com-
prising 8 fully-supervised , 2 unsupervised and 6 weakly-supervised methods. Among
these, PopNet and RISNet are distinct for utilizing RGB-D input, while PCOD is a
weakly-supervised method that uses point-annotated data for training, in contrast to
the other methods that rely on scribble-annotated data.

Tab. 1 presents the quantitative analysis results, demonstrating that our model
exhibits robust performance across all four datasets, consistently outperforming
the unsupervised and weakly-supervised baselines. Notably, our model achieves the
most significant improvement on the CAMO dataset, surpassing even most of fully-
supervised methods. This is attributed to the camouflaged objects in the CAMO
dataset being more visually similar to the background, resulting in lower M values
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Table 1 Quantitative comparison with state-of-the-arts on four benchmarks. “F”, “U”, “S”, “P” denote fully-supervised, unsupervised,
scribble-supervised and point-supervised methods, respectively. The best result among scribble-supervised and point-supervised methods is
in red, and the second-best result is in blue.

Methods Backbone Sup. Input
CHAMELEON CAMO COD10K NC4K

Sα ↑ Emean
ξ

↑ Fw
β

↑ M ↓ Sα ↑ Emean
ξ

↑ Fw
β

↑ M ↓ Sα ↑ Emean
ξ

↑ Fw
β

↑ M ↓ Sα ↑ Emean
ξ

↑ Fw
β

↑ M ↓

SINet21 [1] ResNet50 F RGB 0.872 0.936 0.806 0.034 0.745 0.829 0.644 0.092 0.776 0.864 0.631 0.043 0.808 0.883 0.723 0.058
LSR21 [52] ResNet50 F RGB 0.893 0.938 0.823 0.033 0.793 0.826 0.696 0.085 0.793 0.868 0.673 0.041 0.839 0.883 0.766 0.053
ERRNet22 [58] ResNet50 F RGB 0.877 0.927 0.696 0.036 0.779 0.842 0.612 0.085 0.786 0.867 0.523 0.043 0.827 0.887 0.643 0.054
FDNet22 [23] Res2Net50 F RGB 0.898 0.949 0.837 0.027 0.844 0.898 0.778 0.062 0.837 0.918 0.731 0.030 0.834 0.893 0.750 0.052
FEDER23 [24] ResNet50 F RGB 0.894 0.947 0.855 0.028 0.807 0.873 0.785 0.069 0.823 0.900 0.740 0.032 0.823 0.905 0.817 0.045
DPSNet25 [10] PVTv2 F RGB 0.917 0.965 0.882 0.020 0.888 0.893 0.866 0.044 0.875 0.938 0.806 0.022 0.891 0.941 0.866 0.030

PopNet23 [11] Res2Net50 F RGB-D 0.910 0.962 0.875 0.022 0.806 0.869 0.744 0.073 0.827 0.897 0.757 0.031 0.852 0.908 0.802 0.043
RISNet24 [59] PVT-v2-B2 F RGB-D - - - - 0.870 0.922 0.827 0.050 0.873 0.931 0.799 0.025 0.882 0.925 0.834 0.037

DUSD18 [60] ResNet101 U RGB 0.578 0.634 0.316 0.129 0.551 0.594 0.308 0.166 0.580 0.646 0.276 0.107 - - - -
USPS19 [61] ResNet101 U RGB 0.573 0.631 0.380 0.188 0.568 0.641 0.399 0.207 0.519 0.536 0.265 0.196 - - - -

SS20 [62] VGG16 S RGB 0.782 0.860 0.654 0.067 0.696 0.786 0.562 0.118 0.684 0.770 0.461 0.071 0.761 0.779 - 0.091
SCWS21 [63] ResNet50 S RGB 0.792 0.881 0.714 0.053 0.713 0.795 0.618 0.102 0.710 0.805 0.546 0.055 0.779 0.853 - 0.064
CRNet23 [12] ResNet50 S RGB 0.818 0.897 0.744 0.046 0.735 0.815 0.641 0.092 0.733 0.832 0.576 0.049 0.775 0.855 0.688 0.063
WS-SAM23 [26] ResNet50 S RGB 0.824 0.897 0.757 0.046 0.759 0.818 0.667 0.092 0.803 0.878 0.680 0.038 0.829 0.886 0.757 0.052
PCOD24 [30] PVT-v2-B4 P RGB 0.828 0.902 0.753 0.044 0.798 0.872 0.727 0.074 0.784 0.859 0.650 0.042 0.822 0.889 0.748 0.051
SAM-COD+24 [27] PVT-v2-B4 S RGB - - - - 0.836 0.903 0.779 0.060 0.833 0.904 0.728 0.029 0.859 0.912 0.795 0.039

Ours ResNet50 S RGB-D 0.853 0.896 0.770 0.042 0.846 0.891 0.770 0.060 0.791 0.843 0.635 0.043 0.830 0.876 0.738 0.055
Ours PVT-v2-B2 S RGB-D 0.871 0.914 0.786 0.034 0.859 0.903 0.799 0.054 0.815 0.867 0.682 0.036 0.846 0.893 0.771 0.049
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Fig. 5 Qualitative comparison of our method with state-of-the-arts fully-supervised and weakly-
supervised methods in challenging scenarios.

for other methods. However, the integration of depth maps significantly enhances
SPMCNet’s ability to segment camouflaged objects.

Compared to SAM-COD+, the second-best performing weakly-supervised method
in CAMO dataset, our model achieves improvements of 2.3% on Sα, 2% on Fw

β ,
and a reduction of 1% on M. Furthermore, when compared to other scribble anno-
tation based models using the same annotated data, our approach demonstrates
superior performance. In several metrics across multiple datasets, our method even sur-
passes fully-supervised methods, highlighting its effectiveness in detecting camouflaged
objects.

Qualitative Evaluation. Fig. 5 presents the outcomes of our qualitative analy-
sis, demonstrating that our method effectively tackles various challenging scenarios.
Notably, the incorporation of depth information significantly aids in pinpointing cam-
ouflaged objects. These challenging scenarios encompass high-similarity objects (rows
1-4), irregularly shaped objects (row 5), large-sized objects (row 6), and minute objects
(row 7).

5.3 Ablation Study

To further validate the effectiveness of our proposed method, we conducted experi-
ments on the CHAM, CAMO and COD10K datasets.

5.3.1 Exploring the Impact of Multimodality

To delve deeper into the impact of integrating depth maps on camouflaged object
detection, we modified the two-stream encoder to generate experimental variants,
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Table 2 Ablation on input of different modalities. The best results are highlighted in bold.

Input Type
CHAM CAMO COD10K

Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓
RGB+RGB 0.851 0.900 0.764 0.042 0.810 0.862 0.722 0.077 0.791 0.843 0.637 0.043
Depth+Depth 0.864 0.910 0.770 0.038 0.848 0.888 0.780 0.060 0.798 0.850 0.649 0.042
RGB+Depth 0.871 0.914 0.786 0.034 0.859 0.903 0.799 0.054 0.815 0.867 0.682 0.036

Table 3 Ablation on CARF and aggregated pseudo-RGB-D labels. The best results are
highlighted in bold.

NO. Settings Pseudo Labels
CHAM CAMO COD10K

Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓
I w/o CARF RGB-D+Depth 0.846 0.898 0.757 0.042 0.808 0.864 0.720 0.076 0.791 0.846 0.637 0.043
II w/o CARF RGB+Depth 0.794 0.837 0.640 0.067 0.769 0.815 0.636 0.098 0.742 0.786 0.542 0.060
III w/ CARF RGB+Depth 0.811 0.853 0.666 0.060 0.804 0.843 0.685 0.081 0.751 0.799 0.560 0.055
IV w/ CARF RGB-D+Depth 0.871 0.914 0.786 0.034 0.859 0.903 0.799 0.054 0.815 0.867 0.682 0.036

RGB Depth GT I II III IV

Fig. 6 A visual example of the component ablation study.

where either RGB images or depth maps served as the sole input. The outcomes of
these experiments with varying modality inputs are presented in Tab. 2. Our analysis
reveals that using multi-modality inputs outperforms single-modality inputs, and the
data suggests that incorporating different modalities enables the model to learn cues
that facilitate the refinement of COD. Additionally, we observed that when only RGB
is used as input, the performance is similar to that achieved with a ResNet50 back-
bone, indicating that our method remains highly competitive even without relying on
precise depth maps.

5.3.2 Analyze the Effectiveness of CARF and Aggregated

Pseudo-RGB-D Labels

To assess the impact of our proposed CARF and aggregated pseudo-RGB-D labels, we
conducted two experiments. In the first, we removed the cross-modal attention module,
supervising only the RGB and depth branches independently. In the second, we used
only pseudo-RGB or pseudo-depth labels instead of aggregated pseudo-RGB-D labels.
The comparative results are summarized in Tab. 3.

We observed a significant performance drop without the cross-modal atten-
tion module, highlighting the importance of effective information exchange between
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Table 4 Ablation on selection of auxiliary branches. The best results are highlighted in bold.

Auxiliary Branches
CHAM CAMO COD10K

Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓
RGB 0.867 0.896 0.765 0.042 0.847 0.887 0.769 0.063 0.811 0.851 0.653 0.041
Depth 0.871 0.914 0.786 0.034 0.859 0.903 0.799 0.054 0.815 0.867 0.682 0.036

Table 5 Ablation on loss function. The best results are highlighted in bold.

Loss
Unified Structural Depth Dual CHAM CAMO COD10K

BCE IoU SSIM BCE DS Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓
Lus ✓ 0.843 0.864 0.726 0.058 0.843 0.840 0.708 0.077 0.784 0.821 0.647 0.054
Lus ✓ ✓ 0.848 0.873 0.735 0.051 0.850 0.881 0.760 0.065 0.791 0.834 0.653 0.049
Lus ✓ ✓ ✓ 0.861 0.884 0.751 0.043 0.853 0.892 0.781 0.059 0.802 0.851 0.668 0.045
Lus+Ldd ✓ ✓ ✓ ✓ 0.864 0.905 0.778 0.038 0.858 0.896 0.786 0.057 0.812 0.861 0.674 0.039
Lus+Ldd ✓ ✓ ✓ ✓ 0.869 0.910 0.781 0.036 0.857 0.901 0.794 0.056 0.807 0.858 0.671 0.041
Lus+Ldd ✓ ✓ ✓ ✓ ✓ 0.871 0.914 0.786 0.034 0.859 0.903 0.799 0.054 0.815 0.867 0.682 0.036

modalities. Using aggregated pseudo-RGB-D labels also mitigated inaccuracies from
single-modality pseudo-labels. Fig. 6 corresponds to the quantitative results reported
in Tab. 3 visually demonstrates that both CARF and aggregated pseudo-RGB-D labels
effectively enhance our approach. However, when using only pseudo-RGB labels for
prediction, the resulting boundaries become blurred and indistinct.

5.3.3 Study the Selection of Auxiliary Branches

In our model, we employ the prediction results derived from depth features as an
auxiliary branch to enhance network supervision. To investigate the effectiveness of
alternative modalities, we also considered using RGB features as an auxiliary branch
for supervision. The experimental results, presented in Tab. 4, reveal that utilizing
RGB prediction results as auxiliary branches is less effective compared to leveraging
depth prediction results. This suggests that depth cues are more suitable for auxiliary
supervision when segmenting camouflaged objects. Consequently, we conclude that
additional spatial information, as provided by depth features, is more effective in
accurately segmenting camouflaged objects.

5.3.4 Investigating the Role of Loss Functions

To investigate the contribution of each component in our proposed loss function, we
conducted a comparative analysis presented in Tab. 5. Our findings indicate that as
the number of supervised loss functions increases, the model’s prediction accuracy
improves significantly, validating the correctness and effectiveness of our loss function
design. Furthermore, the introduction of Depth Dual Loss, which involves smoothing
the depth map for auxiliary supervision, has a positive influence on the model’s final
prediction, underscoring its importance in enhancing performance.

5.3.5 Discussion on the Sensitivity to Superpixel Granularity and

Algorithm Design

We set the parameters for superpixel segmentation to 50 and 100, respectively. Addi-
tionally, for Alg 1, we designed a variant in which pseudo-labels are generated directly
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Fig. 7 Qualitative comparison on CVC-ColonDB, ETIS and KVASIR datasets.

Table 6 Quantitative comparison on CVC-ColonDB, ETIS, and Kvasir datasets.

Methods Backbone Sup. Input
CVC-ColonDB ETIS Kvasir

Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓
PraNet20 [64] Res2Net50 F RGB 0.820 0.847 0.699 0.043 0.794 0.808 0.600 0.031 0.915 0.944 0.885 0.030
C2FNet22 [65] Res2Net50 F RGB 0.826 0.854 0.705 0.044 0.827 0.860 0.668 0.022 0.905 0.929 0.869 0.036
M2SNet23 [66] Res2Net50 F RGB 0.838 0.872 0.736 0.041 0.845 0.875 0.677 0.020 0.923 0.947 0.892 0.028
SS20 [62] ResNet50 S RGB 0.713 0.732 0.645 0.127 0.762 0.733 0.647 0.123 0.828 0.852 0.822 0.082
SCWS21 [63] ResNet50 S RGB 0.787 0.758 0.674 0.082 0.731 0.768 0.646 0.085 0.831 0.860 0.837 0.078
CRNet23 [12] ResNet50 S RGB 0.802 0.795 0.691 0.077 0.766 0.802 0.664 0.071 0.836 0.877 0.853 0.071
SAM23 [67] ViT - RGB 0.427 0.419 0.343 0.479 0.503 0.512 0.439 0.429 0.582 0.564 0.545 0.320
WS-SAM23 [26] ResNet50 S RGB 0.816 0.839 - 0.043 0.797 0.849 - 0.037 0.877 0.917 - 0.046
SAM-COD+24 [27] Vit-H S RGB 0.839 0.848 0.737 0.036 0.841 0.849 0.651 0.020 0.861 0.930 0.902 0.029
PPLNet25 [68] ResNet50 S RGB 0.812 0.801 0.697 0.067 0.764 0.807 0.672 0.069 0.838 0.880 0.862 0.074

Ours PVT-v2-B2 S RGB-D 0.810 0.849 0.651 0.038 0.803 0.803 0.554 0.026 0.875 0.907 0.810 0.043

Table 7 Ablation on sensitivity to superpixel granularity and algorithm design. The best results are
highlighted in bold. “F”: Foreground-based pseudo-labels; “B”: Background-based pseudo-labels.

Superpixels Algorithm
CHAM CAMO COD10K

Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓ Sα ↑ Emean
ξ ↑ Fw

β ↑ M ↓
50 F 0.568 0.526 0.316 0.262 0.584 0.550 0.373 0.266 0.546 0.499 0.253 0.213
50 F+B 0.837 0.871 0.712 0.050 0.835 0.877 0.735 0.065 0.771 0.805 0.585 0.052
100 F 0.643 0.641 0.397 0.172 0.658 0.666 0.455 0.183 0.607 0.583 0.313 0.147
100 F+B 0.871 0.914 0.786 0.034 0.859 0.903 0.799 0.054 0.815 0.867 0.682 0.036

for the superpixel regions corresponding to the foreground in the labels, without con-
sidering background annotations, as compared in Table. 7. We observe that while
increasing the number of superpixel blocks improves performance, the gain is limited.
Increasing the number of superpixels further improves performance again, but the
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Fig. 8 Two examples of our method’s failures that inaccurately predict complex boundaries.

improvement is diminishing. Moreover, incorporating background annotation infor-
mation in the algorithm generates more accurate pseudo-labels, preventing the model
from learning incorrect information. Therefore, the proposed Alg 1 is highly effective.

6 Discussion

Our method generally performs well, but it does have some limitations. Specifically,
due to the imprecise scribble annotation of the foreground in the dataset, our method
struggles in scenes with intricate boundary details. Fig. 8 presents two examples of
where our method failed. The first row features a spider with slender legs; our method
is only able to identify some of the leg joints adjacent to the spider’s body and fails
to capture the entire leg. The second row shows a tiger partially obscured by dense
weeds. While our method successfully predicts the tiger’s main body, it is unable to
segment the weeds accurately. In future research, we will focus more on local details,
particularly in scenarios with complex boundaries. We aim to achieve more precise
segmentation of camouflaged objects under weakly supervised learning conditions.

7 Conclusion

We introduce SPMCNet, a weakly-supervised COD model leveraging scribble anno-
tation. It comprises two core components: multi-modal feature extraction and
pseudo-label mapping. For pseudo-label mapping, we harness superpixel segmenta-
tion and a tailored algorithm for camouflaged objects to create pseudo-labels. These
pseudo-labels, aggregated across multiple modalities, yield reliable training data for
our segmentation model. In terms of multi-modal feature extraction, we first employ
a depth estimation model to obtain a depth map, then leverage multi-modal fusion
to enhance the utilization of spatial features under camouflaged objects. Addition-
ally, we design a specialized loss function to supervise both the main and auxiliary
branches. Extensive experiments on the weakly-supervised COD task demonstrate that
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our SPMCNet surpasses existing methods, even outperforming many fully-supervised
approaches.
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