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Camouflaged object detection (COD) in natural environments is a challenging and under-
studied task in the field of computer vision. COD represents a critical frontier in applying
artificial intelligence (AI) to environmental monitoring, infrastructure resilience, and con-
servation. This study presents an overview of modern approaches to COD, including convo-
lutional neural networks (CNNs), transformer-based models, gradient-based methods, and
graph-based frameworks and provides quantitative results of various frameworks that be-
long to these methods. The research outlines the difficulties associated with COD, such
as variability in camouflage strategies, scarcity of well-annotated datasets, and compu-
tational complexity of existing models. Several benchmark datasets (COD10K, CAMO,
NC4K, Military Personnel Data, and MoCA) are examined, each contributing unique prop-
erties to model development and evaluation. A modified framework Hybrid-SINet is pro-
posed and evaluated using standard COD metrics, demonstrating improved performance
(https://www.kaggle.com/code/ivanomelchenkoim11 /article-hybrid-sinet-benchmarkHybrid-
SINet benchmarking on Kaggle) over the baseline SINet model (https://www.kaggle.com/code
/ivanomelchenkoim11/article-sinet-benchmarkBaseline SINet benchmarking on Kaggle) un-
der specific environmental conditions.

Keywords and phrases: Deep learning, object detection, camouflaged object detection,
convolutional neural network, mean absolute error, environmental monitoring, infrastructure
resilience monitoring, conservation.
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1 Introduction

In the current world marked by environmental challenges, natural disasters, and rapid urban-
ization, the ability to detect camouflaged objects (COD) has become increasingly vital in a
variety of industrial and social applications [7]. COD plays a critical role in agriculture [13],
defect detection [5], medicine, and video analysis. In natural environments, COD models can
be used for disaster management, search and rescue operations, autonomous machinery [8], and
in warfare [26].
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For example, during post-disaster rescue missions, identifying camouflaged survivors or haz-
ardous debris concealed by natural elements is crucial.

Similarly, in smart cities, smart waste collection, automated scrap sorting, environmentally
safe garbage detection, safe collection of concealed waste, or detection of hidden defects in
infrastructure can prevent ecological damage and promote sustainability. These applications
highlight the growing demand for intelligent systems capable of locating hidden or visually
blended objects under complex real-world conditions.

Camouflaged object detection (COD) is a subfield of Machine Learning (ML) that performs
segmentation of targets that are concealed and blend into their surroundings [7]. The general
approach applied in COD to identify a target is to assign each pixel i with p; € [0, 1], where
p; represents the probability score of a pixel [5]. The closer the score is to 1, the higher the
probability that the pixel belongs to a hidden object.

Despite its importance, COD remains one of the most challenging and understudied areas
in computer vision. The claim is proven in Figure[I} On 9 July 2025, using the following COD-
related keywords on platforms such as IEEE Xplore, Springer and Academia produced the
illustrated results: camouflaged object detection, concealed object detection, camouflaged object
segmentation, concealed object segmentation. These were compared with SOD-related requests
using the keywords salient object detection, salient object segmentation and GOD-related results
for the following formulations: general object detection, general object segmentation.

Unlike standard object detection, COD requires segmenting targets that are intentionally or
naturally concealed and visually indistinguishable from their backgrounds [26]. This presents a
unique computational problem where traditional algorithms often fail due to the subtle visual
cues and intricate textures involved. While the human visual system can interpret context and
semantic information to perceive such objects, artificial systems struggle with the ambiguity
and variability inherent to camouflage. Thus, the following problems could be singled out when
developing COD models [, 26} 11, [7]:

e High variability in camouflage strategies, such as color matching, shadow blending, dis-
ruptive markings, and adaptive shapes across different natural and artificial environments.
These are further complicated by diverse weather conditions, terrain types, and dynamic
changes in visual scenes.

e Scarcity of annotated datasets that capture the complexity of camouflage in real-world set-
tings. Existing datasets are often fragmented, domain-specific, and lack standardization,
making it difficult to benchmark models or generalize across tasks.

e Computational and architectural complexity of existing models, which frequently rely
on deep learning architectures that are difficult to train and inefficient in real-time or
resource-constrained environments.

Given these challenges, the main aim of this study is to contribute to the advancement of
COD systems by surveying and evaluating state-of-the-art (SOTA) techniques and introducing
a novel hybrid model based on several components available in various neural network (NN)
architectures. The work is structured around the following key stages: analysis of modern
COD methods, examination of benchmark datasets, such as COD10K, CAMO, NC4K, Military
Personnel Data, and MoCA, development of a modified hybrid model, evaluation of the proposed
model using standard COD metrics.
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2 Background and related works

While COD is an understudied branch of Machine Learning, compared to its other directions,
there is still a significant amount of research that is ongoing. This section offers a compilation
of the most prominent modern approaches and the largest datasets used to train and test the

frameworks.
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2.1 FExisting approaches

Some studies, such as [3] divide COD approaches into CNN-based and Transformer-based, prob-
ably, based on a model backbone, however, due to the fact that Transformer-based approaches
sometimes employ CNN backbones and variability of CNN backbone-based methodologies, sim-
ilarly to [8], we adopt the broader classification.

CNN-based approaches. Convolutional neural networks (CNN) identify targets using
filters applied on images [I§]. In these models, key parameters include padding, stride, activation
functions such as sigmoid functions, and weight matrices. Input activations are convolved to
produce feature maps used for downstream tasks.

There are three primary CNN-based strategies for COD: Attention-based, Two-stage, and
Joint-learning approaches.

Attention-based strategies include notable models such as PFNet, which introduces Posi-
tioning and Focus Modules [9], C?*F — Net, which fuses cross-level and global context features
[28], and UR-COD, which enhances boundary detection [I4]. Among the two-stage approaches,
SINet is well known for using separate search and identification modules [5]. Joint-learning
strategies, early examples include ANET, uses classification and segmentation streams [22] to
segment objects. Later models such as LSR introduced object ranking and localization [31],
while ZoomNet focused on multiscale feature integration [27].

Transformer-based approaches [2] eliminate the need for recurrence by relying on atten-
tion mechanisms to model dependencies across sequences. These models use an encoder-decoder
architecture, where the encoder maps an input sequence into a continuous representation, and
the decoder generates an output sequence from it.

Self-attention is central to these models. It allows each position in the input to attend to all
others, enabling more efficient computation and broader contextual understanding. Compared
to CNNs, Transformer operations are more parallelizable and often more efficient.

The first transformer-based model applied to detection tasks was DETR [I5], although
it was not COD-specific. COD-dedicated Transformer models include OSFormer, which seg-
ments camouflaged instances; UGTR, which integrates uncertainty-aware reasoning modules
[6]; FSPNet, which decodes hierarchical transformer features for local cue aggregation [32]; and
CamoFormer, which uses separable attention in an end-to-end framework [3]. Notably, most of
these models still use CNN backbones for feature extraction [9].

Deep gradient-based approaches. The Deep Gradient Network (DGNet) [§] represents
a new perspective, proposing the separation of high- and low-level image features to better
capture internal textures of camouflaged objects. This enables the network to rely more on
internal gradients than on boundary cues. The method includes a context encoder and a
texture encoder, which produce complementary features. These are combined using a process
that involves group learning, projection strategies, and parallel residual operations. Together,
they guide the decoder to generate accurate segmentations by focusing on inner-object patterns.

DGNet remains the primary representative of this approach. While it has influenced ap-
plications in other fields, such as Synthetic Aperture Radar (SAR) imaging [12], it remains
relatively novel within COD with no further studies into this direction.

Graph-based approaches. Graph-based methods [I7] aim to extract complementary
information between detection and edge prediction tasks. These methods often treat camouflage
detection as a joint problem, where both object regions and their boundaries must be accurately
identified. Frameworks of this type employ various modules to decouple images into target and
edge representations and perform segmentation by transforming them into sample-dependent
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graphs.

The first Graph-Based approach was the MGL model [I7], with the authors providing a
single stage and recurrent implementations. While the method is novel, similarly to the deep
gradient approach, follow-up studies in this direction exist, namely, introducing BGNet [29],
which explicitly employs edge semantic information through the edge-aware module and en-
hances feature representation through context aggregation.

Overall, each approach has its advantages and drawbacks. CNN-based methods excel at hi-
erarchical feature extraction using mature architectures but often struggle with modeling long-
range dependencies and handling fine object variations. Transformer-based models improve
global contextual awareness and parallelization, but demand large datasets and are computa-
tionally intensive. Deep Gradient-based approaches focus on subtle texture cues and reduce
reliance on object boundaries, though they remain relatively new and less validated. Graph-
based techniques leverage structural relationships and multi-task learning, offering fine-grained
edge modeling, but they introduce greater complexity and rely on precise annotations.

2.2 COD-related datasets

The main COD-related datasets vary in scale, annotation types, and use.

COD10K. The CODI10K dataset [5] was developed to serve as a comprehensive bench-
mark for advancing deep learning-based methods in camouflaged object detection (COD) and
to facilitate the development of novel recognition models. It currently represents the largest
publicly available COD dataset, providing 10,000 high-resolution images, 6,000 for training and
4,000 for testing each with dense hierarchical annotations. These include category-level labels,
bounding boxes for task-specific object localization, and scene-level attributes such as occlusion
and boundary complexity. Moreover, instance-level annotations are included to support object-
level identification tasks [5]. The dataset adopts a superclass-subclass taxonomy, comprising
five superclasses and 69 subclasses, yielding a ninefold increase in class diversity compared to its
predecessor, CAMO. Additionally, COD10K includes a set of non-camouflaged images labeled
with five superclasses but with a very limited subclass granularity.

CAMO. CAMO [22] was the first large-scale dataset specifically curated for COD research.
It contains 1,250 high-quality images collected from an initial pool of approximately 3,000
images, spanning both natural and artificial camouflage scenarios across diverse environments.
These images were annotated by external contributors and are characterized by complex target
boundaries, frequent occlusions, disconnected object parts, overlapping entities, and visually
distracting backgrounds. The dataset poses additional challenges related to target size, with
many objects occupying less than 10% of the scene area. Furthermore, around 8% of the images
(approximately 100) do not contain target objects, increasing the difficulty of the detection task.
CAMO comprises 1,000 training and 250 testing images and includes 8 object categories within
two broader domains: people and animals. CAMO-COCO [23], a related extension, introduces
an equivalent number of non-camouflaged images to support comparative analysis.

NC4K. The NC4K dataset [31] was constructed as a benchmark for evaluating the general-
ization capabilities of COD models, specifically focusing on tasks such as Camouflaged Object
Localization (COL) and Camouflaged Object Ranking (COR). Unlike COD10K and CAMO,
NC4K does not include training data but is designed exclusively for testing purposes. It com-
prises 4,121 Internet-sourced images, each with corresponding ground-truth and instance-level
annotations. The dataset does not provide class labels and is frequently used alongside training
datasets such as COD10K or CAMO to comprehensively evaluate model performance across
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diverse scenarios [31].

Military personnel data. The Military Personnel Data (CPD1K) dataset [30] was intro-
duced to support the study of dense deconvolution networks in detecting camouflaged military
personnel. This dataset addresses the specific needs of security and defense applications, which
may not be adequately served by general-purpose COD datasets [26]. It comprises 1,000 images,
evenly distributed across 20 camouflage-related classes. CPD1K remains one of the few publicly
available COD datasets focused explicitly on military scenarios.

MoCA. The MoCA dataset [10] was developed to facilitate the study of motion-based
segmentation of concealed objects in video data. As the most extensive video segmentation
dataset for COD, it includes 141 video clips totaling 37,391 annotated frames, approximately
seven times more content than earlier datasets such as that of Bideau and Learned-Miller [16].
Videos were sourced from YouTube and feature animals in their natural environments, with
clip durations ranging from 1 to 79 seconds, sampled at 24 frames per second in HD resolution
(720 x 1280). Annotations were provided at every fifth frame using bounding boxes and include
both positional and temporal metadata [4]. The dataset also categorizes object motion into
three types: locomotion, deformation, and static. MoCA covers 67 animal categories, offering
a diverse and dynamic testbed for motion-based COD models.

3 Proposed model

3.1 Hybrid model

The present study proposes a novel hybrid model architecture to advance research in this area.
The proposed Hybrid-SINet framework modifies the implementation of SINet [5], augmenting
its foundational two-stage CNN pipeline. The novel contributions include the introduction of an
edge attention mechanism, inspired by methodologies in [29, 26], and a dimensionality reduction
strategy, motivated by principles in [§]. An overview of the Hybrid-SINet model architecture is
presented in Fig. [2l For comparison, the architecture of a baseline SINet [5] model is dashed.
Dimensional Reduction and Edge Integration, which will be discussed later, are enclosed to
evade confusion as they are between Search and Identification operations, but are not present
in baseline SINet.

Search module. In SINet [5] it incorporates a receptive field component designed to en-
hance the discriminative capacity of feature representations. For a given input image, a sequence
of feature maps is extracted at multiple resolutions. These feature maps are categorized into
low-level, middle-level, and high-level groups to capture varying spatial and semantic charac-
teristics. The features are recombined by concatenation and downsampling. This module uses
striding to ensure that image resolution is preserved between network layers.

Receptive field. SINet receptive is a modification of RFB-s, introduced by [20]. It consists
of five branches, followed by three convolution layers: 1 x 1, (2k —1) x (2k — 1) and 3 x 3. First
four branches are concatenated and go through a 1 x 1 convolution. When the fifth branch is
added, a ReLU function is applied to receive a result [5].

Edge attention module. The Edge Attention Module draws upon the Edge-Aware Mod-
ule from BGNet [29], integrating both high-level and low-level features to mitigate the inclusion
of non-object edge details. The proposed adaptation concatenates selected low-level and high-
level features, as suggested in [26]. Channel dimensions of the input features are standardized
through initial 1 x 1 convolutional layers. These are concatenated and passed through a se-
quence of convolutional operations to generate edge features. The process concludes with a
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Figure 2: Overall architecture of the proposed Hybrid-SINet model. RF is Receptive Field,
EAM is Edge Attention Module, DR is Dimensional Reduction Module, EIM is Edge Integra-
tion Module, all of which are discussed later. PDC are decoders, which process RF outputs
through convolution and concatenation to receive SM and IM prediction maps and SA is Search
Attention module which uses min-max mathematical normalization operations and convolutions
on Gaussian kernel to get input features for IM from SM middle-level feature and prediction
map.

sigmoid activation to enhance edge localization capabilities.

Dimensional reduction. Motivated by the design philosophy outlined in [8], which rec-
ommends separate treatment of low-level and high-level features, a Dimensional Reduction
module is integrated to streamline computation. Features output from the Search Attention
Module undergo dimensionality reduction via stacked convolutional blocks composed of con-
volution, batch normalization, and ReLU activations. The resulting lower-dimensional feature
maps maintain spatial resolution while reducing channel complexity, thereby enhancing compu-
tational efficiency.

Edge guidance feature module. To further refine feature integration, the Edge Guidance
Feature Module is employed. This component builds upon techniques described in [29] and
aims to combine edge features from the Edge Attention Module with features reduced by the
Dimensional Reduction module. Initially, edge and feature maps are fused through a series of
element-wise operations, followed by convolution. The fused features are then enhanced using
a global context mechanism involving global average pooling and channel-wise recalibration.
This process aids in emphasizing relevant spatial features while suppressing noise.

Identification module. The Identification Module serves to precisely localize camouflaged
objects using features derived from the Search Module. The initial stage involves a partial
decoder that generates coarse camouflage predictions. These are refined through subsequent
processing stages, which incorporate both edge and high-level semantic features. An enhanced
camouflage map is obtained using a guided attention mechanism based on Gaussian filtering
and normalization. High-level features are decoded independently and then combined via a
hierarchical refinement process. Element-wise operations, including multiplication and upsam-
pling, are employed to progressively refine features across multiple scales. The final output is
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produced by concatenating these refined feature maps, yielding a high-resolution segmentation
of camouflaged objects.

3.2 Implementation details

Hybrid-Sinet has been implemented using PyTorch framework. The data, presented in the
following sections, has been received by running discussed framework in Kaggle environment
using GPU P100. The model was trained on a training data provided by a COD10K dataset
and was benchmarked against testing branches of COD10K, CAMO, NC4K (which is for testing
exclusively) and Military Personnel Data (or CPD1K), thus focusing on large datasets of static
COD. The framework has been trained for 30 epochs, which takes about 2 hours on the platform
with the denoted parameters.

The training parameters that are relevant for the process of training the discussed model
are given as follows: learning rate is set to le-4, train size is 353, gradient clipping margin is
0.5, decay rate is 0.1, decay epoch is 30, batch size is 16.

3.3 Metrics and workflow

To objectively assess the performance of camouflaged object detection (COD) methods, we
adopt a set of commonly used evaluation metrics, following prior works [8, 26]. The metrics
include the Mean Absolute Error (MAE), the weighted F-measure (F§'), and the structural
similarity measure (S,). Each metric evaluates a different aspect of prediction quality, such
as region-level accuracy, structural alignment, or pixel-wise discrepancy between a predicted
saliency map and the corresponding ground truth mask.

Structural similarity measure (S,): The structural similarity measure S, quantifies the
structural consistency between the predicted saliency map S, and the ground truth map G. It is
a convex combination of object-aware similarity S, and region-aware similarity S,., formulated
as follows [26]:

Sa = (1 =) S5(Sp,G) +a- S (S, G), (1)

where « € [0, 1] is a balancing factor, typically set to 0.5, to equally weight both components.
The term S,(S,, G) captures global object-level similarity, while S,(Sp, G) measures structural
correspondence across different image regions.

Weighted F-measure (Fjf): The weighted F-measure Fy’ [19] evaluates the harmonic mean
between weighted precision and weighted recall, thus accounting for class imbalance and spatial
structure of the predicted map. It is defined as:

o _ (1+ 3?) - Precision” - Recall” @)
B = 2. Precision” + Recall” ’

where (2 is a weighting factor that determines the relative importance of precision versus recall.
3 is a nonnegative number, typically set to 3% = 0.3 and is used to place greater emphasis on
precision. Being an extension of the common Fj3 measure, it uses weighted versions of precision
and recall, accounting the pixel-level importance using spatial weighting functions. This allows
this function to be viable to work with non-binary ground truth and is noted to be able to
account for the errors in a more correct way, processing their locations.
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Mean absolute error (MAE): The Mean Absolute Error measures the average pixel-wise
absolute difference between the predicted saliency map S, and the ground truth mask G, and
is defined as:

w H
1

where W and H denote the width and height of the image, respectively. A lower MAE indicates
a closer match between the predicted and ground truth maps.

These complementary metrics jointly provide a comprehensive evaluation framework, cap-
turing both region-level similarity and pixel-level accuracy, and are widely adopted in bench-
marking COD models.

4 Results and discussion

4.1 Comparison of baseline COD-related models

We present a comprehensive quantitative evaluation of state-of-the-art camouflaged object
detection (COD) models in Table [l utilizing the NC4K, CAMO, and COD10K benchmark
datasets.

The evaluation metrics include previously discussed structural similarity measure (S, ), the
weighted F-measure (F), and the Mean Absolute Error (MAE). The best results for each
metric are highlighted in bold.

Metrics
PFNet
SINet
LSR
UGRT
DGNet
S-MGL
R-MGL
BGNet
FSPNet
ZoomNet
C?F — Net
CamoFormer-C
CamoFormer-R
CamoFormer-S
CamoFormer-P

NC4K Dataset

Sa .829 .808 .840 .839 .857 .829 .833 .851 .879 .853 .836 .884 .857 .888 .892
FY 745 723 766 734 784 .731 .740 .788 .843 .818 .762 .833 .793 .840 .847
MAE | .053 .058 .048 .052 .042 .055 .052 .044 .035 .043 .049 .033 .041 .031 .030

CAMO Dataset

Sa 782 745 787 785 .839 .772 775 .812 .856 .820 .796 .860 .817 .876 .872
Fy 695 .644 .696 .686 .769 .664 .673 .749 .830 .794 .719 .811 .756 .832 .831
MAE | .085 .092 .080 .086 .057 .089 .088 .073 .050 .066 .080 .051 .066 .043 .046

COD10K Dataset

Sa .800 .776 .804 .818 .822 .811 .814 .831 .851 .838 .813 .860 .838 .862 .869
ry 660 .631 .673 .667 .693 .655 .666 .722 .769 .766 .686 .767 .730 .772 .786
MAE | .040 .043 .037 .035 .033 .037 .035 .033 .026 .029 .036 .024 .029 .024 .023

Table 1: Quantitative comparison of various baseline COD-related models.

Overall, the Transformer-based CamoFormer family (specifically the S and P variants)
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achieves state-of-the-art performance across all datasets and metrics, highlighting their effec-
tiveness in modeling complex camouflage patterns. FSPNet, although not a Transformer-based
model, consistently ranks among the top-performing baselines, suggesting that with appropriate
architectural enhancements, CNN-based models can remain competitive. Among traditional
CNNs, ZoomNet and LSR also yield commendable results in specific metrics. Additionally,
models incorporating graph structures (BGNet) and gradient-based cues (DGNet) show solid
performance, though they are consistently outperformed by Transformer-based architectures.

While Transformer-based models’ ability to capture long-range dependencies and global
context contributes to superior quantitative results compared to their competitors and may
collectively emphasize the ongoing shift in COD model design from convolutional architectures
toward Transformer-based frameworks, models of other approaches are still capable of achieving
SOTA-like performance and still hold their relevancy in some niches of COD applications due
to demands of Transformers and their lengthy training time needs. Thus, this study focused on
developing a non-Transformer framework for such use cases.

4.2 Ablation study of modified components

In this subsection, the influence of various modifications that Hybrid-SINet introduces into a
baseline SINet workflow is discussed. For this, the developed model is compared to the baseline
SINet and various iterations of itself.

The quantitative results of such comparison is shown in Table Both models have been
trained on a dedicated subdivision of COD10K dataset and benchmarked against test subsets
of COD10K, CAMO and the entirety of NC4K and Military Personnel Data. The training
parameters of SINet are set to be similar to those proposed by the authors of its introduction
paper in [5]. The training parameters of the iterations of proposed model are discussed in
the previous section. Each iteration of Hybrid-SINet contains components introduced by the
previous ones. Both models were run on Kaggle using the P100 GPU.

Overall, to improve performance of the baseline SINet model, the following steps were em-
ployed in the process of designing proposed framework:

1. Addition of BGNet-inspired edge attention and integration of edge features
into identification module (SINet + EAM + EIM). The quantitative results show
clear improvements in all metrics, besides some isolated cases of S measure decreasing for
NC4K and CAMO datasets.

2. Dimensional reduction of pre-edge integration high level features to decrease
computational complexity of the model (Hybrid-SINet + DR). Overall, the
results received here are mixed and this module can be identified as a possible bottleneck,
however, we still see marginal increases in, mainly, weighted F score and MAE across
various datasets.

3. Adjustment of the input and output dimensions of the edge integration and
dimensional reduction components (Hybrid-Sinet + EIM II + DR II). The
results of the previously introduced model show the need for more throughout experimen-
tation to refine the integration of the new components into the system, in order to find
balance between performance of the model and decrease in computational complexity that
dimensional reduction offers. From the results, we see an overall incremental improvement
of the system, which suggests that the possible performance bottleneck introduced by the
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previous modifications regarding worsened generalization abilities has been addressed to
some extent.

4. Adjustments to the structure of SINet workflow by introducing weights (Hybrid-
SINet + Weights). Inspired by the principle in [§] of separation of high- and low-level
features, we introduce numerical weights to modules of some of the components. Although
there is an incremental increase in some metrics, overall performance worsened, suggesting
the need to take a different approach or weight adjustments.
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COD10K
Sa 740 .821 .815 .829 .820
Fé“ 202 250 .254 250 .244
MAE | .148 .062 .066 .057 .057
NC4K

Sa 705 681 .676 .688 .647
Y 504 536 537  .544 487
MAE | .112 .106 .104 .103 .113

CAMO

Sa 627 595 .574 .602 557

Fy A15 481 380 .417 348

MAE | .161 .148 .151 .146 .158

Military Personnel Data

Sa 610 .659 .665 .660 .653
Fgy 178 310 .333 311 322
MAE | .044 .022 .021 .023 .023

Table 2: Study of influence of different added components on performance of the developed
model.

From the results in Table [2] Hybrid-SINet + EIM II + DR II shows the best overall quan-
titative increase compared to baseline SINet and the best generalization capabilities from all
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iterations of the developed model, thus it was adopted as the current version of the Hybrid-SINet
model that was discussed in the previous section and used in further comparisons.
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COD10K

Sa 829 740 .844 829 .756
FZ;U 250 202 .271 .26  .187
MAE | .057 .148 .066 .065 .059

NC4K

Sa 688 705 .733 717 524
FY 544 504 .548 .548 .330

B
MAE | .103 .112 .096 .099 .117
CAMO
Sa 602  .627 .643 .628 .525
Fy A17 415 .448 436 .390

MAE | .146 .161 .140 .143 .141

Military Personnel Data

Sa .660 .610 .646 .621 .567
Fy 311 178 237 251 .190
MAE | .023 .044 .039 .039 .022

Table 3: Comparison of Hybrid-SINet and SINet across four datasets.

4.3 Comparison of Hybrid-SINet with baseline SINet and SOTA frame-
works

The results presented in Table 3 offer a comparative comparison between the baseline SINet
model [5], the proposed Hybrid-SINet modification of its architecture and some of SOTA CNN-
and Graph-based COD frameworks. The following results have been received by running the
models on Kaggle platform with GPU P100 using the training parameters, described in their
respective studies, with the exception of the batch size of C?F — Net that had to be lowered
to account for limitations of the Kaggle environment. From transformer-based models, FSPNet
[32] was selected as one of the most advanced models of that type with publicly available code.

We present additional benchmark for these models to account for fair assessment of our
model and existing SOTA analogs in context of Kaggle environment and, chiefly, to provide
quantitative data on an additional dataset, CPD1K (or Military Personnel Data).

Similarly to the previous subsection, the non-Transformer models were trained on a training
subset of COD10K and benchmarked against testing subsets of COD10K, CAMO and whole
CPDI1K and NC4K. For a fair assessment of the capabilities of FSPNet [32], we took a pretrained
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model, provided by the model’s authors on the framework’s GitHub page. More details on the
reasoning for such a choice are provided in the following subsection.

Evaluation metrics include: Structure Measure (S,), Weighted F-measure (Fj§’), and Mean
Absolute Error (MAE), each reflecting different aspects of segmentation quality.

Hybrid-SINet achieves stronger generalization on diverse and challenging datasets (COD10K,
CAMO, NC4K), in comparison to a baseline, indicating its effectiveness in camouflaged object
detection tasks. Hybrid-SINet tends to outperform SINet in precision-recall trade-offs (as shown
by Fg ) and average prediction error (MAE), whereas SINet maintains marginally better struc-
tural similarity (S, ) in select cases. In comparison to other SOTA non-Transformer frameworks,
we note a particularly significant increase on quantitative metrics of the Military Personnel Data
dataset measurements, which is also already visible within iterations of the model discussed in
the previous subsection.

Metrics | Hybrid-SINet FSPNet

COD10K
So .766 753
Fg’ .176 .105
MAE 127 .075
NC4K
Sy 722 .524
ng 470 .259
MAE 118 .153
CAMO
Sy .646 504
g} .395 254
MAE 71 181
Military Personnel Data
Sy .595 .509
["f 118 .050
MAE .066 .052

Table 4: Comparison of CNN-based model (Hybrid-SINet) and Transformer-based model (FSP-
Net) in underfitting scenarios.

We have to note that despite the fact that there are numerous studies that support the
superiority of Transformer-based models over other approaches, the pretrained FSPNet [32] has
underperformed in the conducted benchmarks.These results may have been influenced by the
environment, as deploying models to other environments may introduce noise, not to mention
that Kaggle, as discussed further, can provide much less impressive computational powers com-
pared to the ones recommended for the model. As such, our benchmark is not representative of
the performance of Transformers as a whole, but instead should be interpreted as a pretrained
Transformer-based model underperforming in conditions of translating into this specific envi-
ronment. Still, we see that the model maintained competitive MAE results, even outperforming
CNN-based alternatives in some cases, despite overall performance issues.
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4.4 Transformer-based training in environment with limited resources and
approach comparison

In this subsection, we discuss possibilities of training Transformer-based models in environ-
ments with scarce resources and limited-time conditions. After that, one of the most advanced
Transformer-based COD model, FSPNet [32], is compared to CNN-based model in underfitting
scenario to further compare different approaches and their use cases.

As for Transformer-based model, FSPNet [32] has been trained for 100 epochs in the Kaggle
environment. As disscussed previously, training subset of COD10K was used. In the CNN- and
the Graph-based approaches, there was little need to change training parameters. However, since
Kaggle only supports up to 2 T4 GPUs, quite a few arguments had to be modified to allow for
a satisfactory performance of a Transformer time-wise. While the authors note training time
of 8 hours, which is comparable to some of the more advanced CNN-based frameworks, like
ZoomNet [27], smaller count of available GPUs resulted in a decrease of an amount of processes
equal to four times of the original. This resulted in a single training epoch taking more than 25
minutes to complete. To account for this, the image resolution had to be decreased from 384
to 224 (using Vision Transformer described by Touvron, Hugo, et al. [21]), which also enabled
an increase of the batch size by up to 8 and the number of workers a data loader could create
up to 4. These modifications allowed for higher speeds of a model, up to 15 minutes per epoch.
While this is comparable to a training speed of C2F — Net with a lowered batch size, the latter
framework concluded its training in just 30 epochs, which is about 6 hours of training. FSPNet,
on the other hand, has been trained for 100 epochs, which took more than 20 hours.

Since the authors recommend to train the model for 200 epochs, a comparison to a similarly
underfitted CNN-based model is provided, namely Hybrid-SINet that has been trained for 10
epochs out of 30, in the Table 4. For reference, benchmarks are available in Supplementary
Material.

From Table 4, we see that Transformer-based framework maintained better MAE in some
cases, while Hybrid-SINet showed overall better performance. It has to be noted that this
test on FSPNet has been conducted with lower image resolution than recommended, which
potentially influenced the results, but, as previously discussed, had to be done in order to speed
up model training. Thus, the reasoning for selecting a pretrained model for conducting tests
for the previous subsection could be provided based on this discussion.

From this comparison and previous discussions, we can conclude that Transformer-based
models have the following advantages over the models of other approaches:

e In a stable environment, Transformer-based models vastly outperform the alternatives.
e Transformer-based operations are more efficient than convolutions.
However, they face the following shortcomings:

e Despite more efficient operations, Transformer-based models, as a whole, are more robust,
resulting in greater complexity.

e Transformer-based models require more computational power to achieve reasonable per-
formance speed.

e Transformer-based models require more epochs to train and may be more prone to under-
fitting, in comparison to the CNN-based alternatives. This may be relevant when taking
their greater training demands into consideration.
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e Transformer-based models are more reliant on a backbone, since allowed image resolutions
and good data could prove to be more important for models more reliant on a powerful
environment.

Overall, this study could provide the reasoning for relevance of selecting a non Transformer-
based COD model for systems that have limited resources or can afford limited training time
before deploying the model for use. While evaluation of faster SOD-specific Transformers has
been done in COD scenarios, for instance, by Yin Bowen, et al. [3], they could approach quan-
titative results comparable to the Deep Gradient-based models, which is not a developed area
of research in COD. Additionally, we note that DGNet has been designed to specifically capture
feature dependencies in scenarios of high object obstruction, so it might show more precision
in some edge cases, even with similar quantitative results. Meanwhile, modern CNN-based
frameworks, such as ZoomNet [27] and Graph-based models, such as BGNet [29] confidently
outperform SOD-specific Transformers for COD applications.

Transformer-based approaches are, on the other hand, preferable to use over the other frame-
works in environments that could allow for complicated computations and when performance
speed is not important, especially, during training.

4.5 Visual comparison

In this subsection, visual comparison is demonstrated on how well a designed framework com-
pares to SOTA analogs and a baseline model. It can be seen (Fig. |3 that the proposed Hybrid-
SINet model can identify the same concealed objects as SINet and outperforms the baseline in
some cases. For more examples, refer to the Supplementary Material.

5 Conclusions

In this work, qualitative and quantitative evaluations were proposed for some baseline models
for camouflaged object detection (COD) on benchmark datasets including COD10K, CAMO,
and NC4K. The hybrid architecture, Hybrid-SINet, was designed that combines the strengths
of existing camouflaged object detection frameworks with targeted enhancements. Hybrid-
SINet achieves superior performance in segmenting highly concealed or low-contrast targets,
outperforming SINet and other state-of-the-art baselines in accuracy and visual coherence of
predictions. The visualization results underscore the ability of the model to discern complex
boundaries and subtle contrasts, even in highly cluttered or visually deceptive backgrounds.
Beyond empirical performance, the relevance of robust COD models extends far beyond
academic evaluation. The capacity to detect concealed or camouflaged objects has direct im-
plications for a wide array of industrial and societal applications. In disaster management and
search-and-rescue operations, these models can assist in locating victims partially covered by
debris or vegetation. In autonomous systems, such as self-driving vehicles, drones, or robotic
arms, the precise detection of low-visibility hazards or objects is critical for safe navigation and
decision-making. In the context of smart cities and infrastructure, Hybrid-SINet-like models
can be integrated into systems for automated waste detection, smart waste collection, and scrap
material sorting, enabling more efficient and sustainable resource management. The ability to
detect concealed waste or foreign materials, whether submerged, partially buried, or disguised,
contributes to environmentally safe garbage handling and reduces the risks to urban sanitation
systems. Similarly, in infrastructure monitoring, identifying hidden cracks, corrosion, or struc-
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»

K4

(a) Original ~ (b) Hybrid-SINet  (c) SINet (d) BGNet (e) C?*F — Net (F) FSPNet(pre-
trainred)
Figure 3: Visual comparison across datasets tested in Kaggle environment. Each two rows show images
from the same dataset (in the following order: COD10K, Military Personnel Data, NC4K, CAMO), and each
column displays the original image (left), Hybrid-SINet prediction (second image), and SINet prediction (third
image), BGNet prediction (fourth), C*F — Net prediction (second rightmost) respectively and pretrained FSPNet
prediction (rightmost).
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tural anomalies early on can help prevent ecological damage, reduce maintenance costs, and
prolong infrastructure lifespan.

The obtained results also resonate with broader research directions in computer vision. For
instance, the performance of Hybrid-SINet in segmenting concealed objects under complex con-
ditions provides a significant advancement for several critical computer vision domains. Its
enhanced precision in discerning low-contrast targets and complex boundaries can directly im-
prove object detection in infrared UAV imagery for search-and-rescue [1]. Furthermore, the
models robust segmentation capabilities could be leveraged to generate higher-quality coarse
annotations, accelerating the preparation of datasets for autonomous driving [25]. Finally, the
architectures ability to parse cluttered, deceptive scenes is highly relevant for improving the
accuracy and robustness of semantic segmentation in stereo vision systems for traffic analysis
[24], where detecting obscured hazards is paramount for safety.

These results point to the feasibility and effectiveness of deploying advanced COD models in
diverse, real-world environments. Future work will explore domain adaptation and lightweight
deployment strategies to ensure scalability and integration into edge devices, making such tech-
nologies accessible and impactful in both high-resource and resource-constrained settings.

Supplementary material

The codes are available at:

e Proposed model, Hybrid-SINet code and benchmark on Kaggle:
https:/ /www.kaggle.com/code/ivanomelchenkoim11 /article-hybrid-sinet-benchmark

e Baseline SINet [5] benchmark on Kaggle (for Subsection 4.3):
https:/ /www.kaggle.com/code/ivanomelchenkoim11 /article-sinet-benchmark

e BGNet [29] benchmark on Kaggle (for Subsection 4.3):
https://www.kaggle.com/code/ivanomelchenkoim11 /article-bgnet-benchmark

e C?F — Net [28] benchmark on Kaggle (for Subsection 4.3):
https://www.kaggle.com/code/ivanomelchenkoim11 /article-c2f-net-benchmark

e Pretrained FSPNet [32] test on Kaggle (for Subsection 4.3):
https://www.kaggle.com/code/ivanomelchenkoim11 /article-fspnet-benchmark-pretrained

e Hybrid-SINet underfitting case benchmark on Kaggle (for Subsection 4.4):
https://www.kaggle.com/code/ivanomelchenkoim11 /artricle-hybrid-sinet-underfitting

e F'SPNet [32] 100 epochs benchmark on Kaggle (for Subsection 4.4):
https:/ /www.kaggle.com/code/ivanomelchenkoim11 /article-fspnet-benchmark

The datasets are available at:

e CODI10K [5] dataset on Kaggle (testing and training subsets were used in Section 4):
https://www.kaggle.com/datasets/ivanomelchenkoim11/cod10k-dataset

e Millitary Personnel Data (CPD1K) [30] dataset on Kaggle (dataset was used for testing
in Section 4):

https://www.kaggle.com/datasets /ivanomelchenkoim11 /military-personnel-dataset-dataset/

settings


https://www.kaggle.com/code/ivanomelchenkoim11/article-hybrid-sinet-benchmark
https://www.kaggle.com/code/ivanomelchenkoim11/article-sinet-benchmark
https://www.kaggle.com/code/ivanomelchenkoim11/article-bgnet-benchmark
https://www.kaggle.com/code/ivanomelchenkoim11/article-c2f-net-benchmark
https://www.kaggle.com/code/ivanomelchenkoim11/article-fspnet-benchmark-pretrained
https://www.kaggle.com/code/ivanomelchenkoim11/artricle-hybrid-sinet-underfitting
https://www.kaggle.com/code/ivanomelchenkoim11/article-fspnet-benchmark
https://www.kaggle.com/datasets/ivanomelchenkoim11/cod10k-dataset
https://www.kaggle.com/datasets/ivanomelchenkoim11/military-personnel-dataset-dataset/settings
https://www.kaggle.com/datasets/ivanomelchenkoim11/military-personnel-dataset-dataset/settings
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e NC4K [31I] dataset on Kaggle (dataset was used for testing in Section 4):
https://www.kaggle.com/datasets/ivanomelchenkoim11 /nc4k-dataset

e CAMO [22] dataset on Kaggle (testing subset was used in Section 4):
https:/ /www.kaggle.com/datasets/ivanomelchenkoim11/camo-dataset

The licenses of datasets are set according to the original, or as 'unknown’. For paper citations
and original sources, refer to the 'Description’ or ’Provenance’ section on given Kaggle links.
For provided code links, paper citations and GitHub references are available in the first code
cell for each earlier proposed model respectively.
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