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Abstract—Understanding camouflage images at instance level
is such a challenging task in computer vision. Since the cam-
ouflage instances have their colors and textures similar to the
background, the key to distinguish them in the images should
rely on their contours. The contours seperate the instance from
the background, thus recognizing these contours should break
their camouflage mechanism. To this end, we address the problem
of camouflage instance segmentation via the Contour Emphasis
approach. We improve the ability of the segmentation models
by enhancing the contours of the camouflaged instances. We
propose the CE-OST framework which employs the well-known
architecture of Transformer-based models in a one-stage manner
to boost the performance of camouflaged instance segmentation.
The extensive experiments prove our contributions over the
state-of-the-art baselines on different benchmarks, i.e. CAMO++,
COD10K and NC4K.

Index Terms—Camouflage Image Understanding, One-Stage
Instance Segmentation, Transformer-based model

I. INTRODUCTION

In nature, animals conceal themselves from their enemies by
blending in with their environment [[1]. That is the so-called
camouflaged animals or camouflaged instances. Various ap-
plications can be considered via autonomously distinguishing
those instances e.g., search-and-rescue missions, wild species
discovery, preservation campaign [2] and media forensics
(manipulated image/video detection and segmentation [3]]); or
even in the medical domain where the tumors, polyps or cells
seems to be similar to other cells [4]-[6]. Despite the long
development history of image segmentation methods, gen-
eral segmentation models cannot deal well with camouflaged
instances [[7]-[10]. At first, traditional approaches [/11[|—[/18]]
utilized low-level handcrafted features for simple camouflaged
images. Recent models with a learning-based approach rely on
large-scale datasets [2], [19] to address camouflaged object
segmentation.

The concealing mechanism of camouflage animals aims to
merge their texture and color with the surroundings. Therefore,
human vision fails to recognize those instances at a glance.
However, such boundaries of the camouflaged animals can
hardly be disappeared. In this work, based on the biological
assumption, we propose a method to enhance the boundary
of the camouflaged instance with the purpose of supporting
the segmentation models to segment the instances. Inspired
by the work on boundary detection [20]—[23]], we enhance the
boundary of the camouflaged instances in the images so that

the segmentation model can better differentiate the instances
from the background.

Furthermore, recent work on computer vision has achieved
a significant explosion in performance since the work [24]]
on Transformer architecture. Lately, the methods are applied
commonly to the computer vision domain [25]], [26]. Specif-
ically, the performance of instance segmentation models has
also improved thanks to transformer architecture [27]-[30]]. In
this work, we follow OSFormer [30]] which is the first one-
stage transformer-based framework designed for this task.

To summarize, in this work, we propose a simple yet effec-
tive boundary enhancement module in a plug-and-play manner.
We focus on addressing camouflaged image instance segmen-
tation via a one-stage transformer-based model. To this end, we
propose the Contour Emphasis for One-Stage Transformer-
based Camouflage Instance Segmentation, dubbed CE-OST
framework. To prove our method, we conduct experiments on
the three well-known benchmarks in this camouflage domain,
ie. CAMO++ [31]], CODIOK [19], and NC4K [32]]. The
reported results demonstrate the performance of our proposed
method over state-of-the-art baselines.

The rest of this paper is organized as follows. Section
reviews related work on camouflage research, Section
presents our proposed method - CE-OST. In Section[[V] exten-
sive experiments and ablation studies prove the effectiveness
of our proposal. Finally, Section |V| concludes our work.

II. RELATED WORK
A. Camouflaged Research

Early approaches mainly exploit low-level handcrafted fea-
tures, including color features, edge, texture, and bright-
ness [33]-[35]]. Recent studies have taken advantage of the
large capacity of deep networks to recognize more intricate
characteristics of camouflage, enhancing the performance of
detecting camouflaged objects. Zhai et al. [36] utilized a
mutual graph learning technique to interactively train the
boundaries and regions of camouflaged objects. PFNet [37]]
was designed to simulate the natural process of predation.
Le et al. [2] introduced Anabranch network that combines
both object classification and segmentation. SINet [[19] tried to
mimic the predators’ hunting behavior by containing two main
modules for locating and identifying the camouflaged objects.
Lyu et al. [32] designed a network that ranks concealed



TABLE I
COMPARISON AMONG CAMOUFLAGE DATASETS
(WITHOUT NON-CAMOUFLAGED IMAGES).

Dataset #Annot. #Meta- | #Obj. | Bbox. Obj. Ins.
Camo. Img. Cat. Cat. GT Mask GT | Mask GT
CAMO [2] 1,250 2 8 X v X
COD10K [19] 5,066 5 69 v v v
NC4K (32 4,121 5 69 v v v
CAMO++ |31 2,695 10 47 v v v

objects while simultaneously localizing and segmenting them
to enhance prediction accuracy. A dual-stream MirrorNet [38]]
was proposed to capture various scene layouts while TINet
[39] interactively refined texture and segmentation features at
multiple levels. Le et al. [31] presented CFL approach which
integrates various models via learning image contexts.

B. Instance Segmentation

Instance segmentation in computer vision involves identi-
fying individual objects and generating their corresponding
masks. Existing methods can be divided into two categories:
Two-stage and One-stage approach. Methods in the first
group employ a traditional detect-then-segment scheme that
initially identifies Regions of Interest (ROIs) using bounding
boxes and subsequently generates local pixel-level instance
segmentation [40]]. Mask RCNN [41]], built upon Faster RCNN
[42], is a well-known approach that incorporates an additional
mask-prediction branch at the instance level. Mask Scoring
RCNN [43] includes a MaskIOU head on top of Mask RCNN
to evaluate the quality of the predicted instance masks. Cas-
cade Mask RCNN [44] is a multi-stage architecture including
a series of detectors trained with increasing IOU thresholds
to filter out false positives more effectively. PANet [45] was
proposed to shorten information flow and enhance the feature
extractor by designing a bottom-up path augmentation. Blend-
Mask [46], initially generates dense yet shallow positional
sensitive instance features for each pixel. Then, a blender
module will merge the features for each instance to produce
an attention map. Moreover, Chen et al. [47]] presented the
HTC to combine both detection and segmentation features
for joint processing. Recently, DCNet was introduced [48]]
with a de-camouflaging mechanism to extract the camouflage
characteristics.

In the second category, single-stage methods adopt the
anchor-free object detection approach. YOLACT [49] is the
first method that attempts real-time instance segmentation by
combining the results of two parallel tasks: generating a set
of non-local prototype masks and predicting per-instance mask
coefficients. SOLO [50]], [S1] redefines instance segmentation
as predicting categories then generating masks. This method
utilizes semantic categories to locate the center of the instances
and separates mask prediction into dynamic kernel feature
learning. Consequently, the output masks are generated with-
out the need to compute bounding boxes. CondInst [40] can
solve instance segmentation with fully convolutional networks
while eliminating the ROI cropping and feature alignment.

C. Camouflaged Datasets

CHAMELEON [52] and Camouflaged Animals [53] are
the first two camouflage datasets providing mask annotations.

However, the sizes of the test datasets are less than 300,
which is insufficient for deep learning methods. Regarding
object detection task, MoCA dataset [54] was introduced
which contains only bounding box ground-truth. In terms of
suitable instance segmentation datasets, i.e. [2], [19], [31]],
[55], we carefully describe in Section Table [I] provides
a comprehensive comparison on our chosen datasets.

III. PROPOSED METHOD
A. Overview our CE-OST framework

Our proposed framework of Contour Emphasis for One-
Stage Transformer-based Camouflage Instance Segmentation,
dubbed CE-OST, is illustrated in Figure [I} There are two
main blocks: Contour Emphasis Block and Transformer Block.
A camouflaged input image should go through the two blocks
before meeting the Fusion Module at the end of the framework
to return the segmentation mask. Our proposed Contour Em-
phasis Block can be considered a portable plug-and-play com-
ponent. The image passing through this block has its boundary
enhanced. Then, the enhanced image continues its journey to
perform feature extraction via a CNN model. The extracted
features join the One-Stage Transformer Block to conduct
instance segmentation masks. The details are explained in the
following.

B. Contour Emphasis Method

Boundary plays an important role in supporting our vision
to recognize the whole shape of an arbitrary instance or object.
Since the work on handcrafted features like Canny Edge
Detection to work applied deep methods like HED [22], or
COB [20], [21]] set the very outstanding performance on edge
detection. In this work, we propose a Contour Emphasis ap-
proach to enhance the visual features of camouflaged instances
to improve the segmentation model. In Figure (1} we present
the Contour Emphasis (CE) Block that takes the responsibility
of fusing the boundary to the original image.

Originating from HED [22f], we adopt a multi-scale con-
volutional network with a pre-trained VGG-16 backbone [56]]
to detect the instance boundary. First, the whole CE Block is
trained on an edge detection dataset, dubbed BSD500 dataset
[57]. The losses are computed at multi-scale with pixel-wise
cross-entropy loss and fused into a total loss in the end. To
reduce the edge annotation cost, we utilize the trained model
to predict the camouflaged image boundary. The contours are
then added to the original images to enhance their appearances.

Accordingly, there are several ways of contour combination.
Therefore, we empirically choose the two methods, i.e color
contrast (1) and brightness addition (2). In the brightness
addition, we straight forward add the boundary result to
the image (pixel-wise value addition). In the color contrast
method, we perform addition on the compensation value of
the pixel at the corresponding pixel-wise location. In Figure
[3] readers can compare the visual differences between the two
methods of our contour fusion. To overcome some intensive
cases where the texture is too complex, we conduct a simple
grid-condition procedure (Figure [2). The edge detector may
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Fig. 1. Overall our CE-OST framework: Contour Emphasis for One-Stage Transformer-based Camouflage Instance Segmentation.

fail, whose results are further noisy than enhancing the cam-
ouflaged instances. In this case, we apply a grid 5 x 5 to
each image and decide not to apply boundary fusion if the
number of eliminated cells is over half (which is equal to
approx. 12). A cell is eliminated if the number of pixels in
the detected boundary area covers over a half area of the cell.
This proposal is adaptive to every single image size of the
camouflage dataset.

C. One-Stage Transformer-based Camouflage Instance Seg-
mentation Model

Feature Extractor. Given an input image / € R H xW x 3,
we adopt a CNN to release multi-scale features C5_5. The
input for the Transformer Block is the flattened features from
C3_5 while C5 is fed into the Fusion Module for a low-
level feature enhancement. The details of the backbones are
in Section [[V]

Transformer-based Instance Segmentation Model. We
employ the structure of an Encoder-Decoder model [24],
[30] since previous work done on Transformers proved the
effectiveness of the self-attention layers in extracting global
information from the image. In this architecture, the network
focuses on the precise location, which is cruel for instance
segmentation. Notably, the input of this block is multi-scale,
compared to the limited single-scale of DETR [58].

Fusion Module. In this Fusion Module, we follow [30]
while having Dynamic Camouflaged Instance Normalization
(DCIN) and Coarse-to-Fine Fusion (CFF). The CNN feature
(5 and middle features of the T-Encoder are sent to the CFF to
create comprehensive features. Then, features from the final
layer of the Transformer Block and CFF are inputs of the
DCIN. In DCIN, there is a fully-connected layer used to gain
the location label. At the same time, a multi-layer perception

is employed to gain the instance-aware parameters. These
parameters are then used for establishing the segmentation
mask. Please visit [30] for more implementation details.

IV. EXPERIMENTS
A. Dataset and Settings

In our experiments, we utilize COD10K [[19], NC4K [32]
and CAMO++ [31] for camouflage instance segmentation.
Please see Table [l for a more detailed comparison among these
datasets. The following paragraphs are their brief reviews.

COD10K Dataset. [19] comprises around 10,000 images
divided into 5 meta-categories. However, in terms of cam-
ouflage, the training set of COD10K contains approximately
3,040 and the test set includes 2,026 images.

NC4K Dataset. The NC4K is a testing dataset [32] with
4,121 images of camouflaged instances collected from online
resources. We utilize this benchmark to evaluate our proposed
method applied to the one-stage transformer-based model.

CAMO-++ Dataset. The original CAMO++ dataset contains
both images of camouflaged and non-camouflaged instances
with a total of 5,500 images corresponding to 32,756 instances
[31]]. There are 47 fine-grained camouflaged classes designed
with a hierarchical structure and assigned into 10 coarse-
grained classes. CAMO++ contributes 2,695 camouflage im-
ages including 1,250 existing images in CAMO [2] and 1,450
newly collected images.

Experimental Settings. To select the base models, we
employed ResNet-50 [59]], ResNet-50 (with input size of
550 x 550 for real-time manner) [59], ResNet-101 [59], Pyra-
mid Vision Transformer (PVT) [60], and Swin Transformer
(Swin-T) [61] to apply our proposed method. The framework
was built on top of Detectron2 [62] and other models orig-
inated from their own publications. Our Contour Emphasis
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Fig. 3. Exemplary contour emphasized images on CAMO++ [31]|. The first
rows are the zoomed-in regions. Best viewed online with colors and zoom-in.

framework follows the original configurations [30]]. In detail,
we adopted a single GeForce RTX 2080Ti GPU and trained
with Stochastic Gradient Descent. To initialize the models,
we utilized the well-known pre-trained weights of ImageNet
[63]. Our training process occurred with 90K iterations with a
batch size of 1 and base learning rate of 2.5¢~* heading by 1K
iterations of warming-up. We also use a learning rate reduction
of 0.1 after 60K and 80K iterations. The weight decay and
the momentum values are 10~% and 0.9, respectively.

Evaluation metrics. To report our results, we use
average precision (AP). To be detailed, we report AP,
AP@50, and AP@75. Readers can reach this site
https://cocodataset.org/#detection-eval for more details on the
evaluation metrics.

B. State-of-the-art Comparison

To prove the performance of our proposed method - the
Contour Emphasis approach, we reported the established ex-
periments in Table With this setting, we utilize the results
on COD10K and NC4K datasets to compare the performance

TABLE I
STATE-OF-THE-ART COMPARISON ON COD10K AND NC4K
DATASET. THE CHOSEN BACKBONE IS THE COMMON RESNET-101 [59]..

Method COD10K NC4K

AP  AP50 AP75 | AP AP50 AP75

Mask R-CNN [41 287 60.1 257 | 36.1 689 335

MS R-CNN 333 610 329 | 357 634 347

Two- | Cascade R-CNN [44] | 295 610 259 | 346 663 315
Stage | HTC [47] 309 610 287 | 342 645 316
BlendMask [46] 312 600 289 | 314 612 288

Mask Transfiner [I@ 31.2 60.7 29.8 34.0 63.1 32.6
YOLACT [49 200 60.1 253 | 37.8 706 356
CondInst 343 679 316 | 380 711 356

One- QuerylInst 325 65.1 28.6 38.7 721 37.6
Stage SOTR 320 636 292 | 343 657 324
SOLOVZ [51] 352 657 334 | 378 692 361
OSFormer [30 420 713 428 | 444 737 451
CE-OST (Ours) 432 722 441 | 451 740 464

among models. To this end, we employed models from two-
stage (i.e. (410, [43], [44], [46], [47], [64]) and one-stage
approaches (i.e. [30], [49], [51]l, [65]-[67]). For a fair compar-
ison, ResNet-101 [59], which is the popular backbone utilized
by other publications, is utilized. The reported results recog-
nized our improvement on all AP, AP50, and AP75 evaluation
metrics. On COD10K [19], we achieved 43.2%, 72.2%, and
44.1% on AP, AP50, and AP75, respectively. On NC4K [32],
the three respective values were 45.1%, 74.0%, and 46.4%.
To this end, we present the state-of-the-art results over the
baseline methods on both one-stage and two-stage approaches.
Please find the next ablation section for more empirical details
of our Contour Emphasis method.

C. Ablation Study

In our CE-OST framework, the Contour Emphasis can be
applied in two ways. In Table [lTI] we present the effectiveness
of color contrasting and brightness addition. We also con-
ducted experiments on different base models including the 5
aforementioned methods in the Experimental Settings section.
In general, Transformer-based models such as Swin-T or PVT
give the best results among methods. The CAMO++ is the
most intensive dataset following by NC4K [32] and COD10K
[19]. This ablation study also proves the generality of our CE-
OST over the base models when improving almost every result
in comparison with the state-of-the-art baselines. Especially
to CAMO++ dataset, the PVT backbone stably holds the
best performance. The results can be explained as the multi-
scale feature extractor of PVT can well handle the various
scales of CAMO++. In Figure ] we present our best results
on the PVT backbone (left) and some failure cases (right) of
over-segmentation or mislabeling. The instance scale and too
complex background cause this phenomenon.



TABLE III
ABLATION STUDY ON DIFFERENT BASE MODELS ON COD10K [[19]], NC4K [32], AND CAMO++ [31].

COD10K NC4K CAMO++
Method Base-Model AP APS0 AP75 | AP AP50 AP75 | AP AP50 AP75
ResNet-50 [59] 41.0 71.1 40.8 42.5 72.5 423 19.0  33.8 18.3
ResNet-50-550 [59] - - - - - - 20.1 36.3 19.3
OSFormer | ResNet-101 [59] 420 713 42.8 444 73.7 45.1 20.6 344 20.2
PVTv2-B2-Li [60] 47.2 74.9 49.8 - - -
Swin-T [61] 47.7 49.3 - - - 22.3 36.6 21.8
ResNet-50 [59] 41.6 70.7 423 424 714 42.6 20.1 342 19.6
CE-OST ResNet-50-550 [59] | 35.9 65.2 343 41.1 70.9 41.1 20.6 35.7 20.0
(Color ResNet-101 [59] 43.2 72.2 44.1 45.1 74.0 46.4 21.7 36.6 21.3
Contrast) PVTv2-B2-Li [60] 75.7 51.4 55.0 28.5 453 29.9
Swin-T [61] 49.1 78.0 52.1 50.5 78.9 53.1 22.7 37.6 224
ResNet-50 [59] 41.2 69.0 41.6 424 71.1 42.9 20.2 34.8 19.5
CE-OST ResNet-50-550 [59] | 35.9 65.2 34.6 40.8 71.1 40.3 21.0 37.1 20.3
(Brightness | ResNet-101 [59] 424 708 43.7 442 73.1 45.0 21.1 344 20.9
Addition) PVTv2-B2-Li [60] 47.9 74.6 50.5 51.1 77.3 54.9 279 451 29.2
Swin-T [61] 49.0 78.5 514 79.3 22.7 38.4 23.1
*The first, second, and third best results are marked in red, blue, and , respectively.

D. Discussion

In Figure [3] we present several examples of camouflaged
instances with their enhanced boundaries. From left to right,
we show the original (a), contrast contour (b), bright contour
(c), and ground-truth (d) images, respectively. Both kinds of
contours are generated by the Contour Emphasis, and we
present these contours under two appearances. The bright
contours are the brightness addition to the boundary lines
of the instances. While, the contrast contours shift the color
values to another value in the contrast range, bringing a better-
distinguished contour view compared to bright color contours.
Thus, we can observe the first best results major in the Color
Contrast approach. The last row illustrates a case where the
recognized boundary fails to enhance the visual appearance
of the considered instance, i.e. worm. Our future work should
focus on camouflage boundary recognition.

V. CONCLUSION

In this work, we proposed the CE-OST framework - a
Contour Emphasis approach for One-Stage Transformer-based
model to address the instance segmentation task on camou-
flaged images. We have demonstrated the improvement of
our proposed method over the three well-known camouflage
benchmarks of COD10K, NC4K, and CAMO++. In the future,
we plan to extend our idea to other specific domains of medical
imaging where the instances carry camouflaged features.
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