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ABSTRACT This paper introduces AINet, a novel deep learning architecture designed for detecting
camouflaged objects in complex and diverse environments. The objective of this work is to design an end-
to-end camouflaged object detection architecture that simultaneously captures long-range dependencies and
refines subtle camouflage cues, improving segmentation accuracy and boundary delineation across both
standard COD benchmarks and real-world agricultural scenarios. AINet leverages the strengths of Mamba,
an efficient sequential state model for capturing long-range dependencies, and the Convolutional Block
Attention Module (CBAM) for feature refinement through attention mechanisms. Detecting camouflaged
objects is a significant challenge across a wide range of real-world applications, including surveillance,
security, medical imaging, and autonomous systems, where objects of interest may blend into their
backgrounds and evade conventional detection methods. To demonstrate its effectiveness, AINet is evaluated
on multiple datasets, including standard camouflaged object detection benchmarks such as CAMO,
COD10K, and NC4K, as well as domain-specific datasets (such as pest and fruit detection). Experimental
results show that AINet outperforms existing state-of-the-art models. The implementation is publicly
available on GitHub for reproducibility: https://cod-espol.github.io/AINet/

INDEX TERMS Camouflaged object detection, pest detection, fruit harvest, mamba, precision agriculture.

I. INTRODUCTION
Detecting camouflaged objects remains a persistent and
challenging problem in computer vision [47]. Camou-
flaged objects are characterized by their ability to blend
seamlessly into their surroundings, making them difficult
to distinguish using conventional detection methods [30].
This challenge is prevalent in a wide array of real-world
scenarios, including surveillance, security, medical imaging,
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autonomous vehicles, and environmental monitoring, where
accurate identification of hidden or obscured objects is
critical for decision-making and safety [21], [42]. Moreover,
camouflaged object detection not only demands robustness
to variations in illumination, scale, and background clutter,
but also the capacity to infer subtle semantic and structural
differences that may not be immediately apparent at the pixel
level, thereby pushing current detection paradigms to their
limits.

Traditional object detection algorithms often struggle
with camouflaged targets due to the minimal contrast
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and ambiguous boundaries between the object and its
background [9], [43]. Recent advances in deep learning
have led to significant improvements in object detection and
segmentation; however, the unique nature of camouflage still
poses obstacles [6]. Addressing these challenges requires
models capable of capturing both global context and fine-
grained details, as well as mechanisms to focus attention on
subtle cues that differentiate camouflaged objects from their
environments [4].

This paper presents AINet, a novel deep learning archi-
tecture specifically designed to improve the detection of
camouflaged objects. AINet integrates two powerful com-
ponents: Mamba [11], an efficient sequential state model
capable of modeling long-range dependencies, and the
Convolutional Block Attention Module (CBAM) [46], which
refines feature representations using spatial and per-channel
attention mechanisms. By combining these elements, AINet
can effectively highlight and segment camouflaged objects,
even in highly complex scenes.

The key contributions of this work include:

• A COD-oriented encoder–decoder architecture, referred
to as AINet, is proposed; it integrates selective
state-space modeling (Mamba) for efficient long-range
dependency modeling with attention-based feature
refinement (CBAM) to emphasize subtle camouflage
cues.

• A comprehensive evaluation of COD standard bench-
marks (CAMO, COD10K, NC4K) and agricultural case
studies is offered, including quantitative, qualitative, and
ablation analyses to validate the contribution of each
component.

• An extensive ablation studies is provided, it demon-
strates that the synergy of Mamba and CBAM modules,
as well as multi-level deep supervision, is critical
for optimal segmentation accuracy and robust edge
delineation.

• Avalidation process acrossmultiple datasets and evalua-
tion metrics, demonstrating substantial improvements in
accuracy, boundary precision, and overall segmentation
mask quality.

The manuscript is organized as follows. Section II intro-
duces related work, recent SOTACOD techniques, and meth-
ods that address the problem of the COD approach. Section III
presents the proposed architecture. Then, Section IV shows
the experimental results on different datasets, and an in-depth
ablation study is presented in Section V. Finally, discussion
and conclusions are given in Section VI and Section VII
respectively.

II. RELATED WORKS
This section reviews key computer vision-based methods
for camouflaged object detection (COD), analyzing their
contributions and limitations across diverse application
domains.

Detecting camouflaged objects is a persistent challenge
in computer vision, as these objects are characterized by
their ability to blend seamlessly into complex backgrounds,
making them difficult to distinguish using conventional
detection techniques. Recent advances in deep learning have
significantly improved image segmentation and object detec-
tion, enabling more accurate and efficient identification of
camouflaged targets in a variety of real-world scenarios, such
as surveillance, security, medical imaging, environmental
monitoring, and autonomous systems.

One of the pioneering state-of-the-art COD techniques
is the Search Identification Network (SINet) [10], which
introduces a two-stage framework inspired by predator
hunting behavior, consisting of a Search Module (SM) and
an Identification Module (IM). SINet presents a simple
yet effective end-to-end architecture based on the richly
annotated COD10K dataset, achieving visually appealing
results compared to existing baselines. Building on this,
SINet-V2 [9] enhances the original design by incorporating
densely connected layers and a receptive field component
to better capture multi-level features. This improved archi-
tecture demonstrates competitive performance and broader
applicability, including potential use in military, security,
and wildlife conservation, where the detection of concealed
objects is essential [17].

Another notable contribution is the SegMaR tech-
nique [20], which introduces a multistage iterative refinement
framework for camouflaged object detection, simulating
the coarse-to-fine detection process of the human visual
system. The framework consists of three core steps: Segment,
Magnify, andReiterate. Initially, a camouflaged segmentation
network generates a preliminary mask for the object. The
Magnify module then adaptively enlarges the object region
using attention-based sampling, making it more distinct
within the image. Finally, the Reiterate module refines
the segmentation through iterative feedback, progressively
capturing finer details, especially for small or highly
camouflaged objects. The architecture also incorporates a
distractionmodule to disentangle foreground and background
features, and employs parallel decoders to focus on key object
regions and contours. However, SegMaR cannot be trained
end-to-end [14], which restricts its adaptability in certain
scenarios.

COD approaches face two primary challenges: (1) intrin-
sic similarity (IS), where objects visually resemble the
background, and (2) edge disruption (ED), which results
in unclear boundaries. Biologically inspired methods like
SINet [10] and SegMaR [20] attempt to address these
by mimicking predator hunting behavior or human visual
cognition through multistage processing. However, these
approaches often struggle with complex camouflage patterns
and may fail to capture the subtle cues needed to resolve
IS and ED effectively. To address these limitations, the
FEature Decomposition and Edge Reconstruction (FEDER)
technique [12] adopts a targeted two-stage strategy. It uses
learnable wavelets to decompose image features and identify
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the most informative frequency bands via a frequency
attention and feature aggregation module. To address ED,
it introduces an auxiliary edge reconstruction task inspired
by differential equations, improving boundary precision
and overall detection accuracy. Despite promising results,
FEDER’s reliance on edge reconstruction may be less effec-
tive when camouflaged objects have very similar textures to
their surroundings, leading to potential false negatives.

The field of COD has seen remarkable progress in recent
years. Foundational work by Qin et al. [39] on salient
object detection has profoundly influenced the evolution
of COD methodologies. In 2022, Chen et al. [2] proposed
a context-aware cross-level fusion approach that enhanced
camouflaged object identification accuracy, while Chen et al.
[3] introduced a boundary-guided network to improve edge
and feature detection. Liu et al. [29] further advanced the field
by addressing aleatoric uncertainty modeling in COD. More
recently, high-resolution iterative feedback networks [16],
edge-aware networks [40], and deep gradient learning
techniques [18] have contributed to significant improvements
in detection efficiency and accuracy. The scope of COD
research continues to expand, with recent work such as
PlantCamo [51] targeting specialized applications in plant
camouflage detection.

While much of the research has focused on general-
purpose COD, these advances have also been adapted to
address domain-specific challenges. For example, in agri-
cultural environments, camouflage plays a critical role in
both pest and fruit detection, complicating monitoring and
management tasks [26]. Recent studies have explored the use
of advanced deep learning architectures for these applica-
tions. Meng et al. [36] addressed camouflaged pest instance
segmentation by combining Pyramid Vision Transformer
(PVT) and Mask R-CNN, leveraging PVT’s hierarchical
feature extraction andMask R-CNN’s instance-level segmen-
tation capabilities. Similarly, Evangelista et al. [6] introduced
FCNet, a transformer-based, context-aware segmentation
framework for detecting camouflaged fruits in complex
orchard environments. These works demonstrate the potential
of adapting general COD methodologies to agriculture,
though challenges remain regarding generalization to diverse
conditions and the need for large labeled datasets.

Collectively, these advances have established more robust
and accurate camouflaged object detection systems, setting
new benchmarks in the field and paving the way for future
research and practical implementations. In the following,
we highlight how these general advances have been adapted
and extended to address specific challenges in agricultural
environments, such as pest and fruit detection.

III. PROPOSED AINET
Consistent with recent advances in COD [9], [10], [22], [37],
[56], an encoder-decoder pipeline is adopted for the proposed
AINet architecture. The framework is designed to be end-to-
end trainable, as illustrated in Fig. 1.

A. OVERALL ARCHITECTURE
AINet is constructed by integrating Mamba and CBAM
modules within an encoder-decoder design tailored for COD.
The selective state space modeling capabilities of Mamba
are combined with the feature refinement provided by the
Convolutional Block Attention Module (CBAM), enabling
effective identification of objects that visually blend into their
surroundings.

1) ENCODER
A PVTv2-B2 backbone [44] is employed as the encoder,
providing hierarchical feature representations at multiple
scales. From the input RGB image I ∈ RH×W×3, feature
maps at four different resolutions are extracted, capturing
both low-level details and high-level semantic information
necessary for camouflaged object detection.

PVTv2-B2 is adopted as the encoder because COD
demands both fine-grained, multi-scale detail extraction and
global context modeling to distinguish targets that blend
into the background. In addition, several representative
COD pipelines that rely on ResNet50-family backbones,
as reported in Table 4 (e.g., LSR, MGL, PFNet, TINet,
UGTR), achieve lower benchmark accuracy than the pro-
posed AINet on CAMO, COD10K, and NC4K. Although
overall performance depends on the full architecture rather
than the backbone alone, these results support using a modern
hierarchical encoder for this task.

2) DECODER
A progressive refinement strategy is utilized in the decoder,
where Decoder Blocks upsample features from the previous
stage and aggregate them with skip connections from the
encoder. Feature Aggregation is performed using 1 × 1 and
3 × 3 convolutions. Multiple segmentation heads at different
decoder levels are incorporated to provide deep supervision,
enhancing gradient flow and feature learning.

3) LOSS FUNCTION
The loss function proposed by [45] is adopted, following
established practices [9], [41] (see Equation 1). The predic-
tions generated by the decoder are denoted by {Pi}3i=0. During
training, each prediction Pi is resized to the original input
size and supervised using a combination of weighted binary
cross-entropy (BCE) loss [5] and weighted intersection-over-
union (IoU) loss [34]. A weight parameter w is defined.
The total loss is computed by summing the losses from all
decoder stages, as follows, where GT denotes the ground
truth annotation:

L(P,GT ) =

3∑
i=0

w · LBCE (Pi,GT ) + w · LIoU (Pi,GT ).

(1)

To further enhance feature learning at different scales, deep
supervision with multiple segmentation heads is employed.
Each decoder level produces a segmentation map supervised

VOLUME 14, 2026 34291



H. O. Velesaca et al.: AINet: Integrating Mamba and CBAM for Enhanced Camouflage Object Detection

FIGURE 1. The overall architecture of the proposed AINet.

by the ground truth, and the final prediction is obtained
by averaging the outputs from all levels. This multi-level
supervision strategy enables the learning of robust features
for detecting camouflaged objects across varying scales and
concealment levels.

B. MAMBA AND CBAM BLOCKS
A core component of AINet is the Mamba Block, in which
residual learning is combined with state space modeling [11],
following the approach in [32]. The Mamba Block is
composed of Residual Blocks (two consecutive blocks with
instance normalization and LeakyReLU activation to enhance
feature representation while preserving spatial information);
Dual-Branch Processing, including a Mamba Branch (pro-
cessing features via linear projection, 1D convolution, and
the Mamba state space model to capture long-range depen-
dencies) and an Activation Branch (applying SiLU activation
for local information preservation); and a Hadamard Product,
where outputs from both branches are combined through

element-wise multiplication for adaptive feature fusion.
Figure 1 illustrates the Mamba Block.

On the other hand, the Convolutional Block Attention
Module (CBAM) [46] is also incorporated to refine features
by applying both channel and spatial attention. Channel
attention is computed using average and max pooling,
followed by a shared MLP to generate channel-wise attention
weights, while spatial attention is generated through channel
pooling and convolution to produce a spatial attention map.

C. IMPLEMENTATION DETAILS
AINet has been implemented using the PyTorch library.
The encoder is initialized with a PVTv2-B2 backbone [44]
pretrained on ImageNet. AdamW is used for optimization,
with a weight decay of 1e−4. The initial learning rate is set to
1e−4 and is scheduled using cosine annealing. Input images
are resized to 352× 352 for both training and inference. The
model is trained end-to-end for 150 epochs with a batch size
of 16 on an NVIDIA TESLA P100 GPU. All experiments
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TABLE 1. Distribution of the datasets used in experimental results.

are conducted on the Kaggle platform,1 code for training is
available on the GitHub page.

1) DATASETS
To comprehensively evaluate the effectiveness and general-
ization of AINet, experiments have been conducted on both
standard benchmark datasets and domain-specific agricul-
tural datasets. For general COD evaluation, three widely rec-
ognized benchmark datasets have been utilized: CAMO [25],
[48], which contains 2,500 images balanced between cam-
ouflaged and non-camouflaged objects; COD10K [9], [10],
which offers 5,066 camouflaged, 3,000 background, and
1,934 non-camouflaged images; andNC4K [31], contributing
4,121 images exclusively for testing.

Following established protocols by [10] and [37], we use
1,000 images from CAMO and 3,040 images from COD10K
for model development (train+val). Specifically, as sum-
marized in Table 1, CAMO uses 797/203/250 images for
train/val/test, and COD10K uses 2,435/605/2,026 images for
train/val/test. NC4K is used exclusively for testing (4,121
images).

To further assess the applicability of AINet, two case stud-
ies in agricultural scenarios have been selected. Hence, two
domain-specific datasets are included: the Cotton Bollworm
dataset [36], which contains 1,073 camouflaged pest images,
and the Mango dataset [24], comprising 2,660 patch images
for fruit detection. Figure 2 presents sample images from
benchmark and agricultural datasets. The distribution of all
datasets used in this study is summarized in Table 1.

2) METRICS
This study employs fivewidely recognized evaluationmetrics
to evaluate COD performance. These metrics provide a
comprehensive assessment criterion for analyzing detection
accuracy and effectiveness across different models. The
Structure-measure (Sα) [7], weighted F-measure (Fwβ ) [33],

Mean Absolute Error (M ) [38], E-measure (Eφ) [8], and
F-measure (Fβ ) [1]. The Sα metric quantifies the struc-
tural similarity between prediction and GT maps. The Fwβ
represents an enhanced evaluation metric that extends the
traditional Fβ by incorporating spatial weights, providing
a better assessment of segmentation quality with emphasis
on boundary accuracy and location-based importance of
detected pixels. The M metric focuses on pixel-level error

1https://www.kaggle.com/

evaluation between the normalized prediction andGT. TheEφ

metric simultaneously evaluates the global and local accuracy
of COD based on human visual perception mechanisms. The
Fβ provides a synthetic measure that considers both precision
and recall components. For both F-measure and E-measure
metrics, different scores can be obtained according to
different precision-recall pairs. This leads to the computation
of mean F-measure (Fmeanβ ). Similarly, the E-measure utilizes
mean variants, denoted as Emeanφ , which are also employed as
evaluation metrics.

3) TRAINING DETAILS
This subsection summarizes the training configuration used
across all COD techniques used to compare with AINet.
Table 2 reports the optimizer, learning rate, batch size,
number of epochs, scheduler, and loss functions employed
per model.

IV. RESULTS
This section presents a comprehensive evaluation of AINet,
focusing first on standard SOTA COD benchmarks and
subsequently on agricultural datasets as a specialized case
study. Both quantitative and qualitative analyses are provided,
along with ablation studies to assess the contribution of key
architectural components.

A. QUANTITATIVE EVALUATION
Table 3 introduces the deployment-oriented efficiency eval-
uation, reporting FLOPs, inference time, and parameters.
Under a consistent input resolution, these results provide a
practical view of AINet’s computational footprint relative to
representative COD baselines.

To validate the level of generalization, the proposed AINet
has been compared with 26 SOTA COD models, which
are listed in Table 4 (1st column). All prediction results
for CAMO [25], [48], COD10k [9], [10], and NC4K [31]
datasets are either directly obtained from the original papers
for fair evaluation. As shown in Table 4, the proposed AINet
architecture outperforms all 26 SOTA techniques across all
three benchmark datasets and evaluation metrics. Taking into
account the top 3 best techniques in different metrics, AINet
surpasses techniques such as SINet-V2 [9], SegMaR [20],
BGNet [3], OCENet [29], DGNet [18], FEDER [12], and
UJSCOD-V2 [27]. Among the SOTA techniques, AINet
outperforms recent approaches such as GenSAM [15], which
employs cross-modal chains of thought prompting to generate
visual prompts (e.g., CLIP and BLIP2) and progressively pro-
duces masks, iteratively refining detection results. Another
recent method that AINet surpasses is UCOS-DA [54], which
implements source-free unsupervised domain adaptation
using DINO through a foreground-background contrastive
self-adversarial approach.

Unlike CAMO, COD10k, or NC4K, the prediction results
for the Cotton Bollworm and Mango datasets are generated
using architectures with codes and weights available from the
official author pages; for this case, the default configuration,
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FIGURE 2. Example images of the benchmark datasets (CAMO [25], [48], COD10K [9], [10], NC4K [31]) and agricultural datasets (Cotton Bollworm [36]
and Mango [24]) used as case studies.

TABLE 2. Details of the training parameters used in evaluated SOTA COD techniques. Learning rate (LR); Batch size (BS).

TABLE 3. Comparison of architectural and efficiency characteristics of competing methods, including publication venue (source and type), input
resolution, computational cost (FLOPs), inference time, and number of parameters.
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training, and inference code published by the authors are
followed.

AINet demonstrates exceptional performance for pest
detection applications, as evidenced by Table 5, which shows
experimental results from the proposed AINet architecture
compared to existing SOTA COD techniques on the Cotton
Bollworm dataset. AINet achieves remarkable metrics with a
structure measure (Sα) of 0.9208, F-measure (Fwβ ) of 0.9197,
and the lowest MAE (M ) at 0.0076. Notably, our approach
excels in enhanced boundary detection with the highest
E-measure scores (Eadpφ of 0.9838 and Emeanφ of 0.9820) and

F-measure values (Fadpβ of 0.9092 and Fmeanβ of 0.9156).
These results surpass well-established methods like SINet-
v2 [9], BGNet [3], DGNet [18], and PCNet [51], positioning
AINet as the most effective solution for cotton bollworm
detection, with significant improvements in both accuracy
and boundary precision.

Finally, Table 6 on the Mango dataset used for the
harvesting tasks. This architecture achieves superior results,
obtaining first place in Sα , Fwβ , M , Fadpβ , and Eadpφ metrics.
AINet’s consistent top-tier performance across multiple eval-
uation criteria makes it particularly well-suited for automated
fruit detection and harvesting systems, where reliable object
identification is crucial for agricultural robotics. The results
confirm that AINet’s architecture provides the robust and
consistent performance required for real-world agricultural
scenarios.

B. QUALITATIVE EVALUATION
Figure 3 presents the results of the evaluation of our
AINet and six previous SOTA techniques on classical COD
benchmark datasets-i.e., CAMO-Test, COD10K-Test, and
NC4K. To visually identify which technique presents the
best performance, the GT is compared with the predicted
mask for each image. Successful matches between GT and
predicted masks are painted with white color; False positive
regionswith red color (over-segmentation); and false negative
regions with green color (miss-segmentation). As can be seen
in the example images, AINet presents exceptional results
in terms of the delimitation of the camouflaged object area,
as well as not presenting excessive over-segmentation or
miss-segmentation, clearly surpassing recent SOTA COD
techniques.

Figure 4 shows the comparative results on the Cotton
Bollworm dataset [36]. The third column shows the results
of AINet, which demonstrates significantly more accurate
detection compared to other methods, correctly identifying
the shape and location of cotton bollworms in various
environments. AINet is observed to produce sharper and
more complete masks, with better edge delineation and
fewer false positives. Particularly in difficult cases where
the insect is camouflaged with the plant background,
AINet maintains high segmentation accuracy, highlighting its
effectiveness for this specific application of agricultural pest
detection.

On the other hand, the qualitative results on the Mango
dataset strongly demonstrate the superiority of AINet as a
leading architecture for automated fruit harvesting applica-
tions. AINet exhibits exceptional performance in accurately
detecting multiple mangoes, achieving defined contours and
minimal false positives compared to established methods
such as PCNet, DGNet, and other SOTA approaches as shown
in Fig. 5.

Finally, AINet’s robustness is evident in its ability to
maintain consistent and accurate detections under diverse
lighting conditions, from bright natural light to shadowed
areas, while producing significantly cleaner detection maps
with fewer artifacts and noise than its competitors. The edges
detected by AINet are noticeably smoother and more precise.
While other methods show considerable variability in their
results, AINet maintains superior stability across different
scenarios, establishing itself as the most reliable and effective
solution for real-world applications.

V. ABLATION STUDY
To systematically assess the contribution of each component
within AINet, an extensive ablation analysis is performed
on three standard COD benchmarks (CAMO, COD10K, and
NC4K) as well as two domain-specific agricultural datasets
(Cotton Bollworm and Mango). On the benchmark datasets,
the study examines: (i) the effect of integrating Mamba and
CBAM (module combinations), (ii) the impact of multi-level
deep supervision through different output-fusion strategies,
and (iii) model interpretability via Grad-CAM visualizations
computed from the segmentation heads.

A. CAMO ABLATIONS
Table 7 reports the performance obtained with different mod-
ule combinations onCAMO. The complete design (Mamba+

CBAM) provides the best overall results, improving segmen-
tation accuracy and reducing the pixel-wise error compared
with single-module variants. This indicates that long-range
dependency modeling (Mamba) and attention-based refine-
ment (CBAM) play complementary roles when dealing
with low-contrast camouflage. The qualitative examples in
Fig. 6 support this observation, where Mamba + CBAM
yields cleaner masks and sharper boundaries than using only
Mamba or only CBAM.

Table 8 analyzes different output-fusion settings derived
from the multi-level segmentation heads. Although the
simple averaging baseline (Avg) attains a relatively high
Sα , it is less consistent across complementary measures.
In contrast, fusing multiple supervised outputs (notably
M1/M2) leads to a more balanced behavior, improving the
F-measure while reducing MAE (e.g., M2 achieves Fwβ =

0.7898 and M = 0.0566). Figure 7 visually reinforces
these findings: incorporating multiple outputs produces more
complete object regions and more coherent contours, which
is particularly beneficial for small targets and ambiguous
boundaries.
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FIGURE 3. Quantitative results for six SOTA COD techniques and the proposed AINet architecture, evaluated on example images from benchmark
datasets. Successful matches between GT and predicted masks (white areas); False positive regions (red areas, over-segmentation); and false negative
regions (green areas, miss-segmentation).
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TABLE 5. Quantitative results for SOTA COD techniques and AINet on testing set of the cotton bollworm dataset [36]. The best three performing results
are highlighted using color: first, second, and third respectively.

FIGURE 4. Qualitative results of seven SOTA COD techniques and AINet, evaluated on some images from the Cotton Bollworm dataset [36]. Successful
matches between GT and predicted masks (white areas); False positive regions (red areas, over-segmentation); and false negative regions (green
areas, miss-segmentation).

Beyond accuracy, we examine where the network focuses
when segmenting camouflaged objects. Figure 8 shows
Grad-CAM responses for the segmentation heads on CAMO,
where the activationmaps consistently concentrate on the true
target regions rather than on background clutter. In addition,

different heads exhibit complementary attention patterns,
with some emphasizing coarse localization and others
highlighting finer structures and boundaries. This behavior is
consistent with the intended multi-level design and supports
the effectiveness of the proposed feature refinement strategy.

34298 VOLUME 14, 2026
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TABLE 6. Quantitative results for SOTA COD techniques and AINet on testing set of the Mango dataset [24]. The best three performing results are
highlighted using color: first, second, and third respectively.

FIGURE 5. Qualitative results of seven SOTA COD techniques and AINet, evaluated on some images from the Mango dataset [24]. Successful matches
between GT and predicted masks (white areas); False positive regions (red areas, over-segmentation); and false negative regions (green areas,
miss-segmentation).

B. COD10K ABLATIONS
Table 9 reports the same module-combination study
on COD10K. The Mamba + CBAM configuration
remains the strongest, outperforming both only-Mamba
and only-CBAM across the evaluated metrics. Qualitative

comparisons in Fig. 9 confirm that the combined design
better preserves object completeness and reduces missed
regions on highly camouflaged samples, demonstrating that
the observed synergy extends to large-scale benchmark
data.
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TABLE 7. Metric evaluation with different module combinations (e.g., Mamba and CBAM) on testing set of the CAMO dataset [25], [48]. The best results
by each metric are highlighted in bold.

FIGURE 6. Qualitative results of different module combinations used, evaluated on some images from the CAMO dataset [25], [48].
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TABLE 8. Metric evaluation with different outputs on testing set of the CAMO dataset [25], [48]. The best three performing results are highlighted using
color: first, second, and third respectively.

FIGURE 7. Qualitative results of different deep supervision outputs, evaluated on some images from the CAMO
dataset [25], [48].
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FIGURE 8. Grad-CAM visualization using segmentation heads outputs, evaluated on some images from the CAMO dataset [25], [48].
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TABLE 9. Metric evaluation with different module combinations (e.g., Mamba and CBAM) on testing set of the COD10K dataset [9], [10]. The best results
by each metric are highlighted in bold.

FIGURE 9. Qualitative results of different module combinations used, evaluated on some images from the COD10K dataset [9], [10].
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Table 10 evaluates the role of deep supervision through
different output-fusion strategies. While Avg achieves a high
Sα , richer fusion with multi-level supervision (particularly
M1) yields improved segmentation quality and lower error
(M1: Fwβ = 0.7371,M = 0.0283 vs. Avg: Fwβ = 0.7145,M =

0.0316). Figure 10 illustrates that multi-level fusion provides
more reliable masks, especially when the target shares texture
and color with the background.

Figure 11 provides Grad-CAM visualizations for the
segmentation heads on COD10K. The heatmaps remain well
aligned with the true object locations even under strong
camouflage. Moreover, the heads again show complementary
attention: earlier heads tend to capture broader localization
cues, whereas deeper heads emphasize boundary-sensitive
details, which is consistent with the role of multi-level
supervision in improving robustness.

C. NC4K ABLATIONS
Table 11 reports the module ablation on NC4K. As in the
previous benchmarks, integrating Mamba+ CBAM achieves
the best overall performance compared to only-Mamba
and only-CBAM. The qualitative examples in Fig. 12
further show that the full configuration improves boundary
delineation while reducing both missing parts and spurious
detections in complex natural scenes.

Table 12 analyzes different output-fusion variants on
NC4K. Although Avg obtains a higher Sα , multi-level fusion
(M1) offers a better trade-off across metrics by improving
F-measure and reducing MAE (M1: Fwβ = 0.8204, M =

0.0361 vs. Avg: Fwβ = 0.8007, M = 0.0404). As shown in
Fig. 13, multi-level fusion tends to produce more complete
and stable segmentations, particularly for thin structures and
low-contrast regions where reduced supervision may lead to
fragmented masks.

Figure 14 visualizes Grad-CAM responses for the segmen-
tation heads onNC4K. The activations consistently alignwith
the camouflaged targets across diverse scenes, indicating that
predictions are driven by meaningful object cues rather than
background artifacts. The complementary evidence across
heads further supports the multi-level decoding strategy as
a mechanism to aggregate distinct spatial cues for improved
final segmentation.

D. COTTON BOLLWORM ABLATIONS
Table 13 reports the effect of different module combinations
on the Cotton Bollworm dataset. The full configuration
(Mamba + CBAM) achieves the strongest performance,
whereas single-module variants are consistently weaker
(e.g., only Mamba: Sα = 0.9131; only CBAM: Sα =

0.9118). This gap indicates that Mamba and CBAM
contribute complementary benefits in agricultural scenes:
Mamba strengthens long-range contextual modeling, while
CBAM refines discriminative features to better separate
camouflaged pests from visually similar plant textures. The
qualitative examples in Fig. 15 reinforce this outcome,

where Mamba + CBAM produces sharper boundaries
and fewer false positives under challenging camouflage
conditions.

Table 14 analyzes the role of multi-level deep supervi-
sion through different output-fusion settings. Although Avg
attains a slightly higher Sα (0.9261), it is less consistent across
the remaining metrics. In contrast, multi-output fusion (e.g.,
M1: P0 + P1 + P2 + P3 + Avg) provides a more stable
trade-off, achieving the best overall balance (Sα = 0.9208,
Fwβ = 0.9197). As illustrated in Fig. 16, multi-level fusion
tends to yield more complete and coherent pest regions,
whereas reduced-supervision variants (e.g., M3, M4) more
often lead to fragmented or partially missing segmentation.

Figure 17 presents Grad-CAM visualizations for the
segmentation heads on the Cotton Bollworm dataset. The
activation maps consistently align with the pest regions, even
when insects are partially occluded or strongly blended with
the plant background, suggesting that predictions are driven
by meaningful object cues rather than background artifacts.
In addition, the heads exhibit complementary attention
patterns, where some heads emphasize coarse localization
and others highlight fine structures and boundary-sensitive
areas, supporting the intended multi-level decoding behavior.

E. MANGO ABLATIONS
Table 15 reports the module-combination study on theMango
dataset. The combined design (Mamba + CBAM) again
achieves the strongest performance (e.g., Sα = 0.8662,
Fwβ = 0.8280), outperforming single-module alternatives.
The qualitative results in Fig. 18 further show that integrating
both modules improves mask completeness and preserves
fruit contours under variable illumination and cluttered
foliage.

Table 16 evaluates multi-level deep supervision through
different output-fusion strategies on Mango. Multi-output
fusion provides a clear advantage over simple averag-
ing, improving robustness and yielding stronger overall
segmentation quality (e.g., best Sα = 0.8662 vs. Avg with
Sα = 0.8478). Figure 19 corroborates this trend, where
multi-level fusion reduces both over-segmentation and under-
segmentation in difficult cases with strong background
similarity and partial occlusions.

Figure 20 provides Grad-CAM visualizations for the
segmentation heads on the Mango dataset. The heatmaps
remain well aligned with fruit regions across challeng-
ing scenarios, indicating that the model focuses on
target-relevant cues. Similar to the other datasets, the
heads show complementary attention behavior: earlier heads
capture broader localization patterns, while deeper heads
emphasize finer details and boundary regions, which is
consistent with the purpose of multi-level supervision and
staged decoding.

In summary, the ablation study demonstrates that (i) inte-
grating Mamba and CBAM and (ii) employing multi-level
deep supervision are both key to achieving strong and stable
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TABLE 10. Metric evaluation with different outputs on testing set of the COD10k dataset [9], [10]. The best three performing results are highlighted using
color: first, second, and third respectively.

FIGURE 10. Qualitative results of different deep supervision outputs, evaluated on some images from the COD10K
dataset [9], [10].
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FIGURE 11. Grad-CAM visualization using segmentation heads outputs, evaluated on some images from the COD10K dataset [9], [10].
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TABLE 11. Metric evaluation with different module combinations (e.g., Mamba and CBAM) on testing set of the NC4K dataset [31]. The best results by
each metric are highlighted in bold.

FIGURE 12. Qualitative results of different module combinations used, evaluated on some images from the NC4K dataset [31].
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TABLE 12. Metric evaluation with different outputs on testing set of the NC4K dataset [31]. The best three performing results are highlighted using color:
first, second, and third respectively.

FIGURE 13. Qualitative results of different deep supervision outputs, evaluated on some images from the NC4K
dataset [31].
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FIGURE 14. Grad-CAM visualization using segmentation heads outputs, evaluated on some images from the NC4K dataset [31].
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TABLE 13. Metric evaluation with different module combinations (e.g., Mamba and CBAM) on testing set of the cotton bollworm dataset [36]. The best
results by each metric are highlighted in bold.

FIGURE 15. Qualitative results of different module combinations used, evaluated on some images from the Cotton Bollworm dataset [36].

performance. Their combined effect yields more accurate,
reliable, and generalizable camouflaged object segmentation

on standard benchmarks and in challenging agricultural
imagery.
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TABLE 14. Metric evaluation with different outputs on testing set of the Cotton Bollworm dataset [36]. The best three performing results are highlighted
using color: first, second, and third respectively.

FIGURE 16. Qualitative results of different deep supervision outputs, evaluated on some images from the cotton
bollworm dataset [36].
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FIGURE 17. Grad-CAM visualization using segmentation heads outputs, evaluated on some images from the cotton bollworm dataset [36].
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TABLE 15. Metric evaluation with different module combinations (e.g., Mamba and CBAM) on testing set of the Mango dataset [24]. The best results by
each metric are highlighted in bold.

FIGURE 18. Qualitative results of different module combinations used, evaluated on some images from the mango dataset [24].
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TABLE 16. Metric evaluation with different outputs on testing set of the Mango dataset [24]. The best three performing results are highlighted using
color: first, second, and third respectively.

FIGURE 19. Qualitative results of different deep supervision outputs, evaluated on some images from the mango dataset [24].
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FIGURE 20. Grad-CAM visualization using segmentation heads outputs, evaluated on some images from the mango dataset [24].
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FIGURE 21. Analysis of AINet failure cases using two example images on standard COD benchmarks (CAMO [25], [48], COD10K [9], [10] and NC4K [31]
datasets), as well as Cotton Bollworm [36] and Mango [24] datasets, summarizing common error patterns.

VI. DISCUSSION
The experimental results demonstrate that AINet achieves
state-of-the-art performance on both standard COD bench-
marks and specialized agricultural datasets. The model’s
consistent superiority across diverse datasets underscores
the effectiveness of integrating sequential state modeling
(Mamba) with attention-based feature refinement (CBAM).

This synergy enables AINet to capture long-range dependen-
cies and focus on subtle visual cues, which are essential for
detecting camouflaged objects in complex backgrounds.

The strong results on agricultural datasets highlight
AINet’s adaptability to real-world applications beyond
generic COD tasks. Accurate detection of camouflaged pests
and fruits is vital for precision agriculture, where reliable
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object identification supports automated monitoring and
harvesting systems. The case study results suggest that AINet
can be effectively deployed in such domains, offering both
high accuracy and robustness under challenging conditions.

Despite these advances, some challenges remain. The
reliance on large annotated datasets for training may limit
the applicability of AINet in domains with scarce labeled
data. Furthermore, while the model demonstrates strong
generalization, future work should explore its performance
in even more diverse and dynamic environments, as well
as investigate strategies for reducing data requirements and
improving real-time inference.

Despite the strong overall performance, AINet can still fail
in extremely challenging camouflage scenarios. Figure 21
shows representative failure cases in which the target object
exhibits near-identical texture/color to the background or
appears very small and fragmented, making boundary cues
ambiguous. In such cases, the model may produce false
negatives (missed regions) due to insufficient discriminative
contrast, or false positives when background structuresmimic
object-like patterns. These observations indicate that COD
remains fundamentally difficult when both intrinsic similarity
and edge disruption are simultaneously extreme. Addressing
these cases may require incorporating additional cues (e.g.,
multi-modal data, stronger boundary priors, or specialized
augmentation) and further improving robustness under
scarce-label regimes.

In summary, AINet sets a new benchmark for camouflaged
object detection, offering a versatile and high-performing
solution for both academic research and practical deployment
in fields such as agriculture, surveillance, and environmental
monitoring.

VII. CONCLUSION
This work introduces AINet, a novel architecture for camou-
flaged object detection that sets a new standard across both
general benchmarks and agricultural case studies. On widely
recognized benchmark datasets, AINet consistently achieves
state-of-the-art results, surpassing existing methods in all
evaluated metrics. The model demonstrates superior segmen-
tation accuracy and edge delineation, effectively detecting a
wide range of camouflaged objects and establishing itself as
a leading solution for challenging COD scenarios.

Beyond general benchmarks, AINet’s effectiveness is
further validated through comprehensive case studies on
agricultural datasets. On the Cotton Bollworm dataset, AINet
excels in pest detection, delivering highly accurate identi-
fication and producing sharp, reliable segmentation masks
even in complex backgrounds where pests are difficult to
distinguish from vegetation. Similarly, on the Mango dataset,
AINet achieves outstanding fruit detection performance,
maintaining precise contours and minimal false positives
under diverse illumination conditions—key requirements for
automated fruit harvesting and monitoring systems.

The results demonstrate that AINet not only advances
the state of the art in generic camouflaged object detection

but also offers significant benefits for precision agricul-
ture. Its robust performance across both benchmark and
agricultural datasets highlights its versatility and potential
impact, supportingmore effective pestmanagement, reducing
crop losses, and enabling the development of intelligent,
automated systems for modern farming.

In summary, AINet emerges as a powerful and general-
izable solution for camouflaged object detection, delivering
substantial improvements in accuracy and boundary precision
across diverse real-world applications.
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