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This work introduced AVNet, a novel attention-vision architecture for Camouflaged Object Detection (COD),

optimized for ecological conservation. The proposed approach integrates an RGB-Thermal fusion approach
with the Convolutional Block Attention Model (CBAM) within an encoder-decoder framework, enabling ac-
curate detection of low-contrast and highly camouflaged targets. As an additional contribution, this study
introduces the Bimodal Iguana Observational Set (BIOS), comprising 148 camouflaged RGB-Thermal reg-
istered image pairs, specifically collected to support COD research in wildlife conservation. Experimental
results validate the model’s robustness under challenging real-world conditions. The original code and dataset
presented in the study are openly available in GitHub at https://cod-espol.github.io/AVNet.

1 INTRODUCTION

Camouflaged Object Detection (COD) aims to local-
ize targets that intentionally blend into their surround-
ings, often exhibiting low contrast, complex textures,
and misleading boundaries (Fan et al., 2020). This
problem is particularly critical in ecological conser-
vation, where the robust detection of wildlife under
natural occlusion, foliage clutter, and varying illu-
mination is essential for population monitoring, be-
havioral studies, and effective protection strategies
(Velesaca and Sappa, 2025). Conventional RGB-
based detectors tend to fail under these conditions
due to weak photometric cues and the high sim-
ilarity between targets and background. Thermal
imaging offers complementary information by cap-
turing emissivity patterns that are less sensitive to
color and texture, but thermal cues alone can be
noisy, low-resolution, or ambiguous in heterogeneous
outdoor environments. These challenges motivate
cross-spectral fusion strategies that can jointly exploit
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the complementary strengths of visible and thermal
modalities ((Fan et al., 2022), (Patel and Chaudhary,
2019), (Davis and Sharma, 2007)).

Recent progress in COD has been driven by en-
coder—decoder architectures augmented with atten-
tion and multi-scale feature aggregation, as well
as transformer-based backbones that enhance long-
range context modeling ((Pang et al., 2022), (Sun
et al., 2021)). While these approaches significantly
improve structural fidelity and boundary precision,
their performance in real-world conservation set-
tings remains limited by low-contrast camouflage,
scale and pose variation, and domain-specific artifacts
such as foliage shadows or thermal reflections (Fan
et al., 2022). Moreover, the lack of domain-focused,
spatially-registered RGB—Thermal datasets with cam-
ouflaged wildlife further impedes progress and fair
benchmarking for cross-spectral COD ((Yan et al.,
2021a), (Le et al., 2019)).

To address these limitations, AVNet is intro-
duced as a cross-spectral attention—vision model de-
signed for COD in ecological conservation scenar-
ios. AVNet integrates a PVTv2-B2 encoder to ob-
tain hierarchical, multi-scale features and the Con-
volutional Block Attention Module (CBAM) to re-
fine channel- and spatial-level representations, sup-
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pressing distractors while emphasizing subtle target
cues ((Wang et al., 2022), (Woo et al., 2018)). A
dedicated fusion block adaptively combines visible
and thermal features through modality-specific atten-
tion gates and aggregation, and a multi-level super-
vision scheme stabilizes learning across scales with
deep supervision (Xu et al., 2020). As a second con-
tribution, we present the Bimodal Iguana Observa-
tional Set (BIOS), a domain-specific dataset of spa-
tially registered RGB-Thermal image pairs featur-
ing naturally camouflaged iguanas in outdoor habi-
tats, constructed via robust feature matching (Linden-
berger et al., 2023). BIOS provides a challenging
and realistic benchmark for cross-spectral COD under
variable illumination and complex vegetation back-
grounds (see Fig. 1).

The manuscript is organized as follows. Section 2
introduces related work in recent SOTA COD tech-
niques and methods that address the problem of the
COD approach. Section 3 presents the proposed ar-
chitecture. Then, Section 4 shows the experimental
results on the BIOS dataset. Finally, discussion and
conclusions are given in Section 5 and Section 6 re-
spectively.

2 RELATED WORKS

COD has attracted increasing attention in recent
years, driven by encoder—decoder architectures with
multi-scale feature aggregation and attention mecha-
nisms ((Fan et al., 2020), (Pang et al., 2022), (Zhong
et al., 2022)). Most existing approaches operate on
the visible spectrum only and are typically designed
and evaluated on generic COD datasets with limited
focus on ecological conservation scenarios.

Within RGB-based COD, several recent methods
are particularly relevant to the proposed approach.
EAMNet (Sun et al., 2023) introduces an edge-aware
mirror architecture that explicitly enhances bound-
ary information while modeling contextual cues. Its
design focuses on fine-grained contour refinement
through specialized edge branches and feature mirror-
ing, which improves the localization of thin or irreg-
ular structures that are common in camouflaged tar-
gets. However, EAMNet is restricted to RGB inputs
and thus remains sensitive to low-contrast conditions
and illumination changes, which frequently occur in
outdoor ecological environments.

PCNet (Yang et al., 2024) is a PVTv2-based ar-
chitecture tailored for plant camouflage detection. By
leveraging pyramid vision transformers, PCNet cap-
tures long-range dependencies and mixed-scale pat-
terns, making it effective at disentangling targets from

highly textured and cluttered vegetation. Although
PCNet demonstrates strong performance on plant-
focused COD benchmarks, it still operates purely in
the visible domain, limiting its robustness in situa-
tions where photometric cues are extremely weak or
misleading, such as in heavily shadowed or color-
similar backgrounds typical of wildlife habitats.

More recently, ARNet (Wang et al., 2025a) pro-
poses an assisted refinement network built on a
lightweight SMT-Tiny backbone. ARNet employs
channel-wise information interaction and hierarchical
refinement modules to enhance target representations
while suppressing background noise. Its design offers
a good trade-off between accuracy and efficiency, and
achieves competitive results on several COD datasets.
Nonetheless, similar to EAMNet and PCNet, ARNet
does not exploit thermal information and thus cannot
fully leverage modality complementarity in challeng-
ing outdoor conditions.

Beyond purely visible architectures, there
has been growing interest in cross-spectral and
thermal-based methods for detection and segmenta-
tion tasks, motivated by the complementary nature
of RGB and infrared signals. Early works on in-
frared—visible fusion for surveillance and general
object detection ((Davis and Sharma, 2007), (Patel
and Chaudhary, 2019)) illustrated that thermal
imagery can provide stable cues under poor lighting
or low contrast, while RGB images contribute rich
texture and color details. In ecological conservation,
thermal cameras have been used to locate animals
hidden by vegetation or operating at night, although
many systems rely on heuristic fusion or operate on
a single modality, which can lead to false alarms in
thermally ambiguous backgrounds (e.g., sun-heated
rocks or branches).

Despite these advances, few COD methods
have been explicitly designed for cross-spectral
RGB-Thermal fusion, and even fewer that target
wildlife monitoring under realistic ecological con-
ditions. Most existing RGB-Thermal architectures
for object detection or segmentation are not tai-
lored to camouflaged targets and typically lack atten-
tion mechanisms specialized for subtle, low-contrast
boundaries. In addition, the limited availability of
spatially registered RGB-Thermal datasets contain-
ing camouflaged animals remains a significant bar-
rier, hindering both methodological progress and fair
benchmarking in this domain ((Xu et al., 2020), (Yan
et al., 2021b)).

In contrast to the above approaches, AVNet is
a cross-spectral attention-vision model that jointly
exploits visible and thermal modalities through an
encoder—decoder architecture with CBAM attention
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Table 1: Distinctive characteristics of the evaluated SOTA COD techniques.

. Source Image Size #Param.
Technique Source Type Year (px) Backbone (M)
BASNet (Qin et al., 2019) CVPR  Conference 2019 256x256 ResNet-34 (He et al., 2016) 87.06
SINet-v2 (Fan et al., 2022) TPAMI Journal 2021  352x352  Res2Net-50 (Gao et al., 2019) 24.93
BGNet (Chen et al., 2022b) IJCAI Conference 2022 416 x416  Res2Net-50 (Gao et al., 2019) 77.80
C2F-Net (Chen et al., 2022a) | TCSVT Conference 2022 352x352  Res2Net-50 (Gao et al., 2019) 26.36
OCENet (Liu et al., 2022) WACV  Conference 2022 352x352 ResNet-50 (He et al., 2016) 58.17
EAMNet (Sun et al., 2023) ICME  Conference 2023 384 x384  Res2Net-50 (Gao et al., 2019) 30.51
DGNet (Ji et al., 2023) MIR Journal 2023 352352  EfficientNet (Tan and Le, 2019) 8.30
HitNet (Hu et al., 2023) AAAI Conference 2023  352x352  PVTv2 (Wang et al., 2022) 25.73
PCNet (Yang et al., 2024) arXiv - 2024 352352  PVTv2 (Wang et al., 2022) 27.66
ARNet (Wang et al., 2025a) ICMR  Conference 2025 416x416 SMT-Tiny (Lin et al., 2023) 12.82
CHNet (Wang et al., 2025b) ICMR  Conference 2025 416x416 SMT-Tiny (Lin et al., 2023) 11.20
CTF-Net (Zhang et al., 2025) CVIU Journal 2025 384 x384 PVTv2 (Wang et al., 2022) 64.48
AVNet (Ours) VISAPP Conference 2026 352x352 PVTv2 (Wang et al., 2022) 48.04

Figure 1: Examples of captured images showing corresponding registered RGB and Thermal pairs containing camouflaged

iguanas in a natural environment from the BIOS dataset.

and an adaptive fusion block. ~While EAMNet,
PCNet, and ARNet demonstrate the effectiveness
of edge-aware refinement, transformer-based context
modeling, and efficient channel interaction in the vis-
ible domain, AVNet extends these ideas to a bimodal
RGB-Thermal setting and targets ecological conser-
vation explicitly. Moreover, by introducing the BIOS
dataset of spatially registered RGB-Thermal iguana
images, this work provides both an architecture and
a domain-specific benchmark for cross-spectral COD
in realistic wildlife monitoring scenarios.

3 PROPOSED AVNet

Similar to most previous works (e.g., (Fan et al.,
2020), (Fan et al., 2022), (Jiang et al., 2022), (Pang
et al., 2022), (Zhong et al., 2022)), the current work
adopts an encoder-decoder pipeline to build the pro-
posed AVNet architecture. AVNet is designed as
an end-to-end trainable framework, as illustrated in
Fig. 2.

Overall Architecture. The proposed AVNet ar-
chitecture, based on RGB-Thermal fusion and CBAM
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component, follows an encoder-decoder design for
COD. The architecture integrates the attention refine-
ment of the CBAM to identify objects that visually
blend with their environment effectively. Addition-
ally, utilize RGB-Thermal information to enhance the
detection of objects present in the scene.

Encoder. The PVTv2-B2 (Wang et al., 2022)
backbone encoder is adopted to provide hierarchical
feature representations at different scales. Given an
input RGB image I € RF*W>3, the encoder extracts
multi-scale feature maps across four different resolu-
tions. These representations capture both low-level
details and high-level semantics information essential
for camouflaged objects.

Decoder. The architecture incorporates a progres-
sive refinement strategy along the decoder path. The
decoder is composed of a series of Decoder Blocks
that perform upsampling of features from the previous
level and integrate them with skip connections from
the encoder. A dedicated Feature Aggregation mod-
ule fuses features from multiple sources through 1 x 1
and 3 x 3 convolutions. Multiple segmentation heads
at different decoder levels provide deep supervision
signals, enhancing gradient flow and feature learning.

CBAM. Another important element within the
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Figure 2: The overall architecture of the proposed AVNet.

ReB

input .
17| oxn)

Thermal

proposed architecture is the Convolutional Block At-
tention Module (CBAM) (Woo et al., 2018), which re-
fines features by applying both channel and spatial at-
tention. The channel attention uses both average and
max pooling operations, followed by a shared MLP to
generate channel-wise attention weights. The spatial
attention uses a channel pooling mechanism followed
by a convolution to generate a spatial attention map.

Fusion Block. This is a neural network block de-
signed to adaptively fuse two sets of features, from
different modalities such as RGB and Thermal im-
ages. This block uses independent attention gates for
each input, which generate channel-by-channel atten-
tion masks through a combination of pooling, con-
volutions, and activation functions. These masks al-
low the network to learn to dynamically highlight
or attenuate the most relevant information from each
source. Subsequently, the modulated features are con-
catenated and refined through an aggregation block,
producing a fused representation that efficiently inte-
grates the complementary information from both in-
puts. This mechanism improves the model’s ability to
leverage the strengths of each modality and facilitates
smarter and more effective fusion for the segmenta-
tion task.

Multi-Level Supervision. To enhance the learn-
ing of discriminative features at different scales, it

employs deep supervision with multiple segmentation
heads. Each decoder level produces a segmentation
map that is supervised by the GT. The final predic-
tion is obtained by averaging the outputs from all lev-
els. This multi-level supervision strategy helps the
network learn more robust features for detecting cam-
ouflaged pests at different scales and with varying de-
grees of concealment.

Loss Function. In line with previous studies ((Fan
et al., 2022), (Sun et al., 2021)), the loss function in-
troduced by (Wei et al., 2020) is used in this work.
The predictions produced by the AVNet decoder are
denoted as {P;};_,. During training, each prediction
Pi is resized to the original size to match the input im-
age dimensions and supervised using a combination
of Binary Cross-entropy loss (Lgcg) (De Boer et al.,
2005) and the Intersection over Union loss (L;,y)
(Mattyus et al., 2017). As described in (Fan et al.,
2022), the overall loss is obtained by summing the
losses from multiple prediction stages. Therefore, the
total loss function for the AVNet model is thus defined
as follows, where GT is the ground truth annotation:

3
Y Lsce(Pi,GT) + Lioy (P, GT). (1)
i=0

L(PGT) =
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4 EXPERIMENTAL RESULTS

Datasets. To evaluate the effectiveness of the pro-
posed architecture in ecological conservation sce-
narios, a domain-specific dataset is employed: the
BIOS dataset, which contains 148 camouflaged RGB-
Thermal image pairs (see Fig. 1). This dataset focuses
on iguanas naturally camouflaged in complex outdoor
environments and is intended to support research in
wildlife monitoring and camouflage object detection.

The image acquisition system for the BIOS
dataset consists of a Basler acA1300-60gc camera,
used to capture visible spectrum images at a resolu-
tion of 1280 x 1024 pixels with a 13mm lens, and
a FLIR TAU2 thermal camera with a resolution of
640 x 480 pixels using an 8mm lens. Both cameras
are rigidly mounted on a custom-designed platform
to minimize parallax and ensure a consistent baseline
between optical axes. This setup facilitates accurate
cross-modal registration, which is crucial for aligning
thermal and visible images ((Velesaca et al., 2024),
(Rivadeneira et al., 2024)).

A total of 176 image pairs were originally cap-
tured under daylight conditions in natural iguana
habitats. The pairs of images are subsequently
aligned through a geometric registration process us-
ing LightGlue (Lindenberger et al., 2023) matching
framework. After a thorough validation and cleaning
procedure that involved removing misaligned or low-
quality samples, the final dataset is curated to include
148 high-quality, spatially aligned image pairs.

This resulting BIOS dataset offers a realistic and
challenging benchmark for evaluating camouflaged
object detection algorithms in real-world scenarios.
By integrating visible and thermal imagery registered
using the LightGlue technique, the dataset provides
a valuable resource for the COD research commu-
nity, particularly for applications in biodiversity mon-
itoring, ecological conservation, and thermal-vision-
based wildlife detection.

Figure 3 shows a scatter plot of mask centroids.
Each green dot marks one mask centroid on the im-
age plane. Centroids are spread across the field, with
a slightly higher concentration in the central region
(around X =~ 20-60 and Y ~ 50-90). Fewer points
appear near the edges, and this pattern suggests a
broadly uniform distribution without distinct clusters
or directional trends. For the purpose of displaying
this graphic, the binary mask images are normalized
to a size of 100 x 100 pixels for a standard reference.

Implementation Details. AVNet is implemented
using the PyTorch library. The encoder utilizes a
PVTv2-B2 (Wang et al., 2022) model pretrained on
the ImageNet dataset. Optimization is performed us-
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Figure 3: Centroid distribution of masks.

ing the AdamW algorithm with a weight decay le~*.
The initial learning rate is set to le~* and follows a
cosine annealing schedule throughout training. All in-
put images are resized to 416 x 416 for both training
and inference. The model is trained end-to-end for
100 epochs with a batch size of 16 on an NVIDIA
TESLA P100 GPU. All experiments are conducted
on the Kaggle platform!. Also, Table 1 shows dis-
tinctive characteristics of the evaluated SOTA COD
techniques in this work.

Metrics. This study employs five widely rec-
ognized evaluation metrics to evaluate COD per-
formance. These metrics provide a comprehensive
assessment criterion for analyzing detection accu-
racy and effectiveness across different models. The
Structure-measure (Sy) (Fan et al., 2017), weighted
F-measure (FBw ) (Margolin et al., 2014), Mean Ab-

solute Error (M) (Perazzi et al., 2012), E-measure
(E¢) (Fan et al., 2018), and F-measure (Fp) (Achanta
et al., 2009). The S, metric quantifies the structural
similarity between prediction and GT maps. The FBW

represents an enhanced evaluation metric that extends
the traditional Fg by incorporating spatial weights,
providing a better assessment of segmentation qual-
ity with emphasis on boundary accuracy and location-
based importance of detected pixels. The M metric fo-
cuses on pixel-level error evaluation between the nor-
malized prediction and GT. The Ey metric simultane-
ously evaluates the global and local accuracy of COD
based on human visual perception mechanisms. The
Fp provides a synthetic measure that considers both
precision and recall components. For both F-measure
and E-measure metrics, different scores can be ob-
tained according to different precision-recall pairs.
This leads to the computation of mean F-measure
(Fé“"‘”‘) and max F-measure (Fé”e“”). Similarly, the E-
measure utilizes mean variants, denoted as E?"“" and
max E-measure as Eq’)"“x , which are also employed as
evaluation metrics.

Uhttps://www.kaggle.com/
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4.1 Quantitative Evaluation

AVNet on the BIOS dataset is evaluated using stan-
dard COD metrics, including Sg, FBW, M, Ey, and Fp,
which together assess structural fidelity, boundary-
aware precision—recall, pixel-wise error, and percep-
tual alignment. Table 2 shows quantitative results
for SOTA COD techniques and AVNet. In the RGB-
thermal modality, AVNet attains the best overall per-
formance among all compared methods, achieving
first place in S = 0.8951, F3" = 0.8404, along with

leading E, scores (Egdp = 0.9835, Ej“*" = 0.9785)

and strong precision—recall behavior (Fél P = 0.8190,
Fé”e“" =0.8255, Fé”“x = 0.8585); and second place in
M =0.0028 and Eg’“x =0.9837. These results surpass
recent strong baselines, such as ARNet and PCNet,
particularly in terms of structural integrity and bound-
ary precision, while reducing pixel-wise error. In the
single visible modality, AVNet gets a second place in
Egdp = 0.9837 metric. On the other hand, in single
thermal mode, AVNet achieves acceptable but not ex-
ceptional results, ranking among the top performers
in any metric. However, the cross-spectral design of
AVNet yields more consistent gains, highlighting the
benefits of RGB-Thermal fusion and CBAM-guided
attention for robust COD.

4.2 Qualitative Evaluation

Qualitative comparisons (Fig. 4) demonstrate that
AVNet generates cleaner, more complete segmen-
tation masks with fewer missed regions (blue) and
fewer over-segmented areas (red) relative to state-
of-the-art baselines. In scenes characterized by fo-
liage patterns, textured clutter, and low contrast be-
tween targets and background, the CBAM compo-
nent enhances spatial focus. It suppresses distractors,
while cross-spectral fusion leverages thermal cues
to recover visually indistinct regions in RGB. The
encoder—decoder design with multi-level supervision
further stabilizes detection across scales and poses,
yielding tighter boundary adherence and higher in-
ternal mask consistency with fewer holes and spuri-
ous fragments. These visual observations align with
the quantitative gains on Sg, Fg, and Ey, reinforcing
AVNet’s effectiveness in challenging ecological con-
ditions.

S DISCUSSION

This study demonstrates that cross-spectral fusion,
when paired with targeted attention mechanisms, can

substantially improve camouflaged object detection in
realistic conservation settings. On the BIOS dataset,
AVNet consistently outperforms strong RGB-only
and Thermal-only baselines, particularly in structure-
aware metrics (Sy) and boundary-sensitive measures
(Fﬁ, Ey), and exhibits competitive or best-in-class
pixel-wise error (M). The gains are most pronounced
in scenes with low RGB contrast and heavy tex-
ture clutter, where thermal cues help recover tar-
get regions that are visually indistinguishable. Con-
versely, in thermally ambiguous conditions (e.g., sun-
warmed rocks or branches), RGB cues mitigate false
activations, illustrating the complementary nature of
the two modalities. CBAM further enhances this
synergy by suppressing background distractors and
sharpening spatial focus around faint target bound-
aries, while multi-level supervision stabilizes learning
across scales and improves mask completeness.

Beyond raw performance, the qualitative analy-
sis indicates that AVNet reduces typical COD fail-
ure modes: missed fine structures (false negatives),
boundary bleeding into background (false positives),
and internal mask holes. These improvements are
valuable for downstream ecological tasks such as au-
tomated counting, occupancy estimation, and behav-
ioral analytics, where both detection sensitivity and
spatial accuracy are critical. Importantly, AVNet’s en-
coder—decoder design with lightweight attention re-
mains compatible with real-time or near-real-time de-
ployment on field hardware, especially if distilled or
pruned variants are explored.

Howeyver, the dataset has some limitations. First,
BIOS, while carefully curated and spatially regis-
tered, this process is very time-consuming since some
of the images are registered manually. Second, ther-
mal imaging quality and calibration can vary across
devices and weather conditions, introducing cross-
device variability that may affect fusion robustness.

These observations suggest several avenues for
future work. Incorporating domain adaptation and
calibration-aware fusion could improve robustness
across environments. Finally, exploring semi- or
weakly-supervised learning, as well as active learning
strategies, could reduce annotation costs while main-
taining or improving detection quality.

In summary, the evidence indicates that attention-
guided cross-spectral fusion is a compelling direction
for camouflaged object detection in ecological con-
servation. By coupling modality-complementary cues
with principled attention and multi-scale supervision,
AVNet delivers reliable, high-fidelity detections un-
der realistic field conditions and establishes a strong
foundation for next-generation, conservation-oriented
COD systems.
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Figure 4: Results using SOTA COD techniques that have achieved first place in at least one of the metrics. Successful
matches between GT and predicted masks (white areas); False positive regions (red areas, over-segmentation); and false
negative regions (blue areas, miss-segmentation).

134



Table 2: Experimental results for SOTA COD techniques and AVNet on the BIOS dataset. The best three performing results
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are highlighted using color: 'First|, Second , and Third respectively.

Technique Sa T ng T M \L E‘gd[) T Egzean T E‘i)mlx T F[;ldP T Fénean T Féna.x T
BASNet (Qin et al., 2019) 0.6356 0.3248 0.0132 0.7028  0.7466 0.8156 0.3366  0.3439  0.3508
SINet-V2 (Fan et al., 2022) 0.7093 0.4429 0.0075 0.6865 0.7930 0.9093 0.4052 0.4858 0.5141
BGNet (Chen et al., 2022b) 0.5439 0.0866 0.1467 09186 0.7316 0.9469 0.4650 0.4499 0.5324
C?F-Net (Chen et al.,, 2022a) | 0.5529 0.0892 0.0954 0.5829 0.6658 0.8760 0.3221  0.3772 0.4908

o OCENet (Liu et al., 2022) 0.7003 0.4371 0.0079 0.8096  0.8960 09159 0.4444 0.4838 0.4981

S EAMNet (Sun et al., 2023) 0.5432  0.0982 0.0923 0.6807 0.7451 0.8998 0.3589  0.3628 0.4818

'§ DGNet (Ji et al., 2023) 0.6832 03800 0.0325 0.6753 0.7831 0.9292 0.3922 0.4535 04777
Hitnet (Hu et al., 2023) 0.7122  0.4612 0.0089 0.7189 0.8696 0.9246 0.4462 0.5025 0.5140
PCNet (Yang et al., 2024) 0.7615 0.5761 0.0059 0.8890  0.9021 | 0.9869 0.6155 0.6222 0.6315
ARNet (Wang et al., 2025a) 0.7285 0.5133 0.0056 0.9061 0.8302 0.9585 0.5907 0.5766 0.6080
CHNet (Wang et al., 2025b) | 0.7687 0.5809 0.0061 0.8549  0.9235 0.9602 0.5502 0.6199 0.6501
CTF-Net (Zhang et al., 2025) | 0.5180 0.0730 0.1500 0.5475 0.6365 0.9181 0.2600 0.3310 0.4881
AVNet (Ours) 0.7648 0.5899 0.0063 0.9682 0.9538 0.9677 0.5978 0.6047 0.6179
BASNet (Qin et al., 2019) 0.8154 0.6707 0.0036 0.8352 0.9260 0.9814 0.6023  0.6834 0.7276
SINet-V2 (Fan et al., 2022) 0.7865 0.6207 0.0060 0.7756  0.8766 0.9523 0.5373  0.6232 0.6781
BGNet (Chen et al., 2022b) 0.5521 0.0900 0.1050 0.7716  0.7809 0.9666 0.5353  0.5624 0.7641
C?F-Net (Chen et al., 2022a) | 0.5647 0.1012 0.0849 0.6811 0.7363 0.9004 0.4384 0.5011 0.6218

—= OCENet (Liu et al., 2022) 0.7909 0.6555 0.0056 0.7971  0.8746 0.9534 0.5754  0.6555 0.7517

€ EAMNet (Sun et al., 2023) 0.5541 0.1196 0.0647 0.6725 0.7576 0.9832 0.4005 0.4544 0.6268

é DGNet (Ji et al., 2023) 0.7504  0.4439 0.0101 0.6635 0.8735 0.9568 0.4350 0.6275 0.6761
HitNet (Hu et al., 2023) 0.7473  0.5402 0.0068 0.7020 0.9028 0.9420 0.4371 0.5921 0.6372
PCNet (Yang et al., 2024) 0.8446 0.7331 0.0043 0.8605 0.8989 0.9139 0.6736  0.7302 0.7561
ARNet (Wang et al., 2025a) 0.8761 0.8133 | 0.0027 0.9482 0.9688 0.9756 0.7639 0.8150 0.8331
CHNet (Wang et al., 2025b) | 0.8001 0.6969 0.0046 0.8284  0.8995 0.9474 0.6086 0.6874 0.7827
CTF-Net (Zhang et al., 2025) | 0.5919 0.1554 0.0830 0.5080 0.6748 0.8501 0.2518 0.4223 0.5690
AVNet (Ours) 0.8301 0.6089 0.0059 0.8810 0.9072 0.9369 0.6016 0.6183 0.6597
AVNet (Ours) | 0.8951 0.8404 00028 09835 09785 09837 08190 0.8255 0.8585

6 CONCLUSIONS

This study presents AVNet, a cross-spectral atten-
tion—vision architecture designed for camouflaged
object detection (COD) in an ecological conserva-
tion context. The model integrates PVTv2-based hi-
erarchical encoding, CBAM attention mechanisms,
an adaptive RGB-Thermal fusion block, and multi-
level supervision to effectively detect camouflaged
wildlife. AVNet demonstrates state-of-the-art perfor-
mance on the BIOS dataset, particularly in the thermal
modality, where camouflaged targets exhibit higher
discriminability. The model shows strong robustness
to challenges such as low target—background contrast,
complex natural environments, and variations in ob-
ject scale and pose. These capabilities contribute
to reducing false positives and negatives, as well as
improving boundary localization. These properties
make AVNet a strong candidate for practical conser-
vation monitoring in real-world field conditions. Fu-
ture work will expand the BIOS dataset to additional
species and habitats, explore lightweight variants for
edge deployment, and investigate semi- and weakly-
supervised learning strategies to reduce annotation

costs while maintaining high detection accuracy.
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