
Enhancing Camouflaged Object Detection
via Diffusion Model Augmentation

Henry O. Velesaca1,2 and Angel D. Sappa1,3(B)

1 ESPOL Polytechnic University, Campus Gustavo Galindo, Guayaquil, Ecuador
hvelesac@espol.edu.ec

2 Software Engineering Department, Research Center for Information and
Communication Technologies (CITIC-UGR), University of Granada, 18071

Granada, Spain
3 Computer Vision Center, 08193 Bellaterra, Spain

sappa@ieee.org

Abstract. This paper proposes a novel approach to improve camou-
flaged object detection (COD) techniques using a data augmentation
strategy based on a diffusion model. COD represents a significant chal-
lenge in computer vision, being crucial in applications such as military
surveillance, medical image analysis, and ecological studies. Although
recent advances in deep learning have improved COD performance, they
heavily rely on well-annotated datasets, which are particularly difficult
to obtain in the context of camouflaged objects. The proposed method
addresses the problem of data sparsity while maintaining crucial features
of camouflaged objects and their relationships with the environment.
Incorporating a diffusion model into the data augmentation pipeline
shows improvement in the performance of the COD models, which varies
between the different techniques and the proposed evaluation metrics.

Keywords: Camouflaged object detection · Computer vision ·
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1 Introduction

Camouflaged Object Detection (COD) represents a significant challenge in com-
puter vision, where the goal is to identify objects that are deliberately or nat-
urally blended with their surroundings [5]. This task is particularly crucial in
various applications, including military surveillance, medical image analysis, and
ecological studies [17]. Unlike traditional object detection, COD faces unique
challenges due to the inherent similarity between target objects and their back-
grounds, making it difficult for conventional detection methods to achieve satis-
factory results [28]. Recent advances in deep learning have significantly improved
COD performance [31]. However, these improvements are heavily dependent on
large-scale and well-annotated datasets, which are particularly challenging to
obtain in the context of camouflaged objects due to the time-consuming nature
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of data collection and annotation [14]. This limitation often leads to models
that underperform in real-world scenarios or fail to generalize across different
camouflage patterns and environments.

To address these challenges, data augmentation has emerged as a promising
solution [13]. Traditional augmentation techniques, such as geometric transfor-
mations and color adjustments, while useful, often fail to capture the complex
nature of camouflage patterns and their interaction with the environment [30].
This limitation has motivated the exploration of more sophisticated approaches
to data augmentation.

In recent years, diffusion models have demonstrated remarkable capabili-
ties in generating high-quality, diverse images [19]. These models, which learn
to gradually denoise images through an iterative process, have shown particular
promise in maintaining structural coherence and semantic relationships in gener-
ated images [20]. However, their application to the specific challenge of COD data
augmentation remains largely unexplored. This paper proposes a methodology
to improve COD techniques using data augmentation with diffusion models. Our
method addresses the data scarcity problem while maintaining the crucial char-
acteristics of camouflaged objects and their relationships with their surround-
ings. By incorporating diffusion models into the data augmentation pipeline, we
can generate synthetic yet realistic training samples that enhance the robustness
and generalization capabilities of COD models.

The manuscript is organized as follows. Section 2 presents work related to
camouflaged object detection and data augmentation using classical and diffu-
sion model approaches. Section 3 presents the proposed methodology to improve
camouflaged object detection using specialized techniques for this task. Experi-
mental results, comparisons, and discussions with different COD approaches to
validate the proposed methodology are presented in Sect. 4. Finally, conclusions
are presented in Sect. 5.

2 Background

This section summarizes some of the most relevant techniques related to the
camouflaged object detection techniques and data augmentation approaches.

2.1 Camouflaged Object Detection Approaches

Camouflaged Object Detection has emerged as a crucial research field in com-
puter vision, with significant advances in recent years. The early work of Qin
et al. [18] on salient object detection significantly influences the development of
COD techniques. In 2021, Fan et al. [5] establish the fundamental foundations
for concealed object detection, providing a robust theoretical framework for this
challenging problem. In 2022, Chen et al. [3] propose a context-aware cross-level
fusion-based approach, improving the accuracy of camouflaged object identifica-
tion, while Chen et al. [4] introduce a boundary-guided network that enhances
the precision in detecting edges and features of camouflaged objects. In the same
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year, Liu et al. [16] address the modeling of aleatoric uncertainty in camouflaged
object detection. The field continues to evolve in 2023 with significant contri-
butions such as the high-resolution iterative feedback network presented by Hu
et al. [9], and the edge-aware network for COD presented by Sun et al. [24].
In the same year, Ji et al. [11] introduce an innovative deep gradient learning
technique that significantly improves the efficiency of camouflaged object detec-
tion. More recently, in 2024, Yang et al. [29] expand the field towards specific
applications with PlantCamo, focusing on camouflage detection in plants.

These advances contribute to creating more robust and accurate systems for
camouflaged object detection, setting new standards in the field and paving the
way for future research and practical applications.

2.2 Data Augmentation Approaches

Data augmentation has become a fundamental technique in deep learning, espe-
cially in computer vision tasks, where the availability of labeled data may be
limited. Classic augmentation techniques include geometric transformations such
as rotation, flipping, cropping, and rescaling, as well as color space modifications
such as changes in brightness, contrast, and saturation [22]. These basic trans-
formations help artificially increase the size of the training dataset and improve
the generalization capabilities of models. A popular tool that has revolution-
ized the implementation of these techniques is Albumentations [1], a Python
library that provides an efficient and optimized interface for applying data aug-
mentation transformations. This library has become a standard in the computer
vision community due to its superior performance and wide range of available
transformations.

Recent research uses synthetic data and domain adaptation to combat data
scarcity. Virtual environments effectively train deep learning models for camera
pose estimation [2] and image dehazing [21]. Synthetic datasets aid instance seg-
mentation [26] and agricultural applications like corn kernel classification [23],
reducing annotation costs. This approach, combined with traditional augmenta-
tion, improves model performance while decreasing reliance on manual labeling.

In a significant advancement in the field of deep learning and data augmenta-
tion, Islam et al. [10] present DiffuseMix, a groundbreaking data augmentation
technique that preserves labels using diffusion models. This method addresses
one of the fundamental challenges in machine learning: generating synthetic data
that maintains the integrity of the original labels. DiffuseMix leverages the power
of diffusion models to create realistic and meaningful variations of the training
data while ensuring that semantic labels remain consistent and accurate. This
approach not only improves the diversity of the training dataset but also helps
prevent overfitting and improves the robustness of deep learning models. The
technique demonstrates promising results on several benchmark datasets, estab-
lishing itself as a valuable contribution to the computer vision and machine
learning community.
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3 Proposed Methodology

This section details the different stages followed to carry out the proposed
methodology. Figure 1 shows the overall pipeline of the proposed methodology.

Fig. 1. Overall pipeline of the proposed methodology.

3.1 Data Augmentation

For the proposed work, two data augmentation approaches are used to enrich
and diversify the training data set. These approaches are carefully selected to
maximize the variability and quality of the training data.

The first approach corresponds to data augmentation using the classical
method, specifically Albumentations [1], which include geometric and photomet-
ric transformations of the images, such as random rotations, horizontal and ver-
tical flips, brightness and contrast adjustments, random cropping, scale changes,
the addition of Gaussian noise and moderate Gaussian blur. These traditional
transformations help improve the robustness of the model against basic varia-
tions that may occur in real scenarios. For the second data augmentation app-
roach, a more advanced technique based on diffusion models is used, specifically,
the work DiffuseMix proposed by Islam et al. [10]. This methodology leverages
the generative power of diffusion models to create new synthetic samples that
preserve important semantic features, generate realistic variations while main-
taining the original labels, introduce significant diversity into the dataset, pro-
duce examples that cover cases underrepresented in the original dataset, and
maintain coherence between the generated image and its corresponding segmen-
tation mask.

3.2 SOTA COD Techniques

To validate the proposed methodology, SOTA COD techniques are first selected
using various state-of-the-art surveys [6,15,28,31] as references. After review-
ing the best-performing techniques and available codes, nine camouflaged object
detection techniques are selected for fine-tuning using two data augmentation
approaches: the classical method Albumentations [1] and the diffusion model-
based technique DiffuseMix [10]. It is worth noting that DiffuseMix is not eval-
uated for segmentation tasks in its original paper.
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Table 1. Distinctive features of the evaluated camouflage techniques.

Technique Year Image Size (px) Backbone #Param. (M)

BASNet [18] 2019 256 × 256 ResNet-34 [8] 87.06

SINet-v2 [5] 2021 352 × 352 Res2Net-50 [7] 24.93

BGNet [4] 2022 416 × 416 Res2Net-50 [7] 77.80

C2F-Net [3] 2022 352 × 352 Res2Net-50 [7] 26.36

OCENet [16] 2022 352 × 352 ResNet-50 [8] 58.17

EAMNet [24] 2023 384 × 384 Res2Net-50 [7] 30.51

DGNet [11] 2023 352 × 352 EfficientNet [25] 8.30

HitNet [9] 2023 352 × 352 PVTv2 [27] 25.73

PCNet [29] 2024 352 × 352 PVTv2 [27] 27.66

The nine SOTA COD techniques evaluated are: BASNet [18], SINet-v2 [5],
BGNet [4], C2F-Net [3], OCENet [16], EAMNet [24], DGNet [11], HitNet [9],
and PCNet [29]. Table 1 presents a comparative analysis of their architectural
characteristics. Models from 2019 to 2024 are considered. Each model is trained
for 150 epochs, and a batch size of 16 is considered. Techniques such as SINet-v2,
C2F-Net, OCENet, DGNet, HitNet, and PCNet use input images of 352 × 352
pixels, while BASNet, BGNet, and EAMNet use sizes of 256 × 256, 416 × 416,
and 384 × 384 pixels, respectively. This dimensional consistency among most
models indicates a standardized approach in the field.

The backbone architectures demonstrate significant diversity in their design
choices. Res2Net50 serves as the backbone for four techniques (SINet-v2, BGNet,
C2F-Net, and EAMNet). Meanwhile, PCNet and HitNet implement PVT-V2
(Pyramid Vision Transformer V2), and DGNet utilizes EfficientNet, showcas-
ing various architectural approaches to COD tasks. In addition, BASNet and
OCENet use ResNet-34 and ResNet-50, respectively. The computational com-
plexity, measured in terms of parameter count, varies substantially across these
models. DGNet exhibits the most efficient architecture with 8.30 million param-
eters, while BASNet, BGNet, and OCENet represent the most complex design
with 87.06, 77.80, and 58.17 million parameters, respectively. The remaining
models (SINet-v2, C2F-Net, EAMNet, HitNet, PCNet) maintain 24–31 million
parameter counts, suggesting an optimal complexity range for COD applications.

3.3 Metric Evaluation

This study employs five widely recognized evaluation metrics to evaluate Cam-
ouflaged Object Detection (COD) performance. These metrics provide compre-
hensive assessment criteria for analyzing detection accuracy and effectiveness
across different models. The Structure-measure (Sα), weighted F-measure (Fw

β ),
Mean Absolute Error (M), E-measure (Eφ), and F-measure (Fβ). The Sα metric
quantifies the structural similarity between prediction and ground truth maps.



Enhancing Camouflaged Object Detection 357

The Fw
β represents an enhanced evaluation metric that extends the traditional

Fβ by incorporating spatial weights, providing a better assessment of segmenta-
tion quality with emphasis on boundary accuracy and location-based importance
of detected pixels. The M metric focuses on pixel-level error evaluation between
the normalized prediction and ground truth. The Eφ metric simultaneously eval-
uates 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 (Fmean

β ) and maximum F-measure (Fmax
β ).

Similarly, the E-measure utilizes maximum and mean variants, denoted as Emean
φ

and Emax
φ , which are also employed as evaluation metrics.

On the other hand, to evaluate the quality of the images obtained with both
approaches, we use the work proposed by [12]. The evaluation metrics comprise
three fundamental aspects: the Reconstruction Fidelity Score (SQ

Rf
), which mea-

sures the ability to preserve the original structure and content of the image,
where a value close to 1 indicates excellent conservation of the original features;
the Boundary Visibility Score (SQ

b ), which evaluates the quality and definition
of the edges in the generated image, where higher values indicate better preser-
vation of object contours; and finally, the Combined Score (SQ

α ), which acts as
a comprehensive metric that balances both the reconstruction fidelity and the
edge quality, providing an overall assessment of the quality camouflage, where a
value close to 1 represents optimal performance in the three metrics.

4 Results and Discussion

This section presents experimental results of the proposed methodology. Model
performance evaluation uses the assessment metrics detailed in Sect. 3.3.

4.1 Dataset

To carry out the different experiments in this work, a dataset on the cotton boll-
worm [17] is used, representing a comprehensive collection of specialized images
focusing on one of the most destructive pests of agriculture that poses a signifi-
cant threat to cotton crops worldwide. Created by Meng et al. [17], this dataset
is a vital resource for researchers, specifically designed to address the complex
challenges of detecting these elusive pests in various environmental conditions
and varied scenes. The dataset, spanning a wide range of visual data capturing
cotton bollworms in different contexts and environments, has been made publicly
available to the scientific community through the Kaggle platform1, enabling fur-
ther research and development in pest detection and the agricultural context.
The original dataset consists of 856 images for training, 161 images for valida-
tion, and 56 images for testing. While the dataset augmented with (AwA) [1] and

1 https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms.

https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
https://www.kaggle.com/datasets/kexinmeng1/the-dataset-of-cotton-bollworms
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(AwD) [10] results in 4633 and 4406 images respectively. Figure 2 shows exam-
ples of the images that are part of the dataset augmented with the DiffuseMix
technique [10].
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Fig. 2. Examples of images generated using DiffuseMix [10]. Prompt: Watercolor Art
(WA), Snowy (SN), Autumn (AU), Mosaic (MO).

Table 2. Evaluation of the quality of camouflaged images according to [12] .The first
two rows show the absolute median evaluation for three metrics for augmentation
using Albumentations (AwA) and DiffuseMix (AwD) techniques. The last row shows
the improvement (%) when using the DiffuseMix technique.

Data Augmentation SQ
Rf

↑ SQ
b ↑ SQ

α ↑
AwA [1] 0.631 0.529 0.586

AwD [10] 0.637 0.539 0.603

Improv.(%) +0.06% +1.0% +1.7%

4.2 Quantitative Results

Before evaluating each COD model’s performance, the quality of the images
generated with the augmentation techniques for the different data sets is mea-
sured as a first step. Table 2 shows in the first two rows the evaluation results
of the metrics proposed by [12] on the images obtained with the data augmen-
tation techniques. The last row shows the percentage difference between both
data augmentation techniques, where it can be seen that the data augmentation
technique using DiffuseMix presents better performance in all metrics. Based on
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Table 3. Evaluation metrics for each COD technique according to the metrics described
in Sect. 3.3. The best three performing results are highlighted in red (first), blue (sec-
ond), and green (third) respectively.

Technique Sα ↑ F w
β ↑ M ↓ Eadp

φ ↑ Emean
φ ↑ Emax

φ ↑ F adp
β ↑ F mean

β ↑ F max
β ↑

BASNet [18] 0.7860 0.6839 0.0277 0.8938 0.8811 0.8890 0.7085 0.7073 0.7235

SINet-v2 [5] 0.8588 0.7979 0.0184 0.9430 0.9571 0.9727 0.7837 0.8086 0.8392

BGNet [4] 0.8573 0.7964 0.0185 0.9588 0.9532 0.9625 0.8264 0.8323 0.8527

C2F-Net [3] 0.8399 0.7184 0.0214 0.9368 0.9329 0.9441 0.7910 0.7989 0.8215

OCENet [16] 0.8598 0.8042 0.0164 0.9421 0.9543 0.9647 0.7809 0.8115 0.8416

EAMNet [24] 0.8627 0.8136 0.0174 0.9576 0.9611 0.9686 0.8164 0.8320 0.8570

A
w

A
[1

]

DGNet [11] 0.8565 0.8005 0.0163 0.9468 0.9585 0.9666 0.7827 0.8096 0.8377

HitNet [9] 0.8422 0.7978 0.0178 0.9601 0.9663 0.9724 0.7991 0.8060 0.8244

PCNet [29] 0.8463 0.7885 0.0184 0.9342 0.9471 0.9642 0.7691 0.7924 0.8311

BASNet [18] 0.7761 0.6739 0.0269 0.9064 0.8726 0.9065 0.6992 0.7009 0.7113

SINet-v2 [5] 0.8612 0.8123 0.0167 0.9493 0.9594 0.9689 0.7960 0.8199 0.8466

BGNet [4] 0.8666 0.8237 0.0165 0.9698 0.9600 0.9708 0.9356 0.8431 0.8584

C2F-Net [3] 0.8487 0.7346 0.0212 0.9422 0.9509 0.9635 0.7931 0.8191 0.8450

OCENet [16] 0.8548 0.7961 0.0179 0.9494 0.9528 0.9646 0.7831 0.8100 0.8352

EAMNet [24] 0.8617 0.8180 0.0166 0.9524 0.9608 0.9674 0.8073 0.8303 0.8552

A
w

D
[1

0
]

DGNet [11] 0.8645 0.8068 0.0164 0.9454 0.9492 0.9597 0.7927 0.8196 0.8403

HitNet [9] 0.8542 0.8206 0.0157 0.9704 0.9673 0.9713 0.8298 0.8318 0.8416

PCNet [29] 0.8550 0.7949 0.0176 0.9425 0.9479 0.9535 0.7891 0.8057 0.8275

Table 4. Percentage difference between the results obtained for each COD tech-
nique and each data augmentation approach shown in Table 3. Positive values indicate
improvement in the diffusion model-based approach, negative values indicate a dete-
rioration in performance. The last row shows the improvement (%) of the DiffuseMix
concerning the Albumentations technique.

Technique ΔSα ΔF w
β ΔM ΔEadp

φ ΔEmean
φ ΔEmax

φ ΔF adp
β ΔF mean

β ΔF max
β

BASNet [18] -0.99 -1.00 -0.08 +1.26 -0.85 +1.75 -0.93 -0.64 -1.22

SINet-v2 [5] +0.24 +1.44 -0.17 +0.63 +0.23 -0.38 +1.23 +1.13 +0.74

BGNet [4] +0.93 +2.73 -0.20 +1.10 +0.68 +0.83 +10.92 +1.08 +0.57

C2F-Net [3] +1.62 -0.02 +0.54 +1.80 +1.94 +0.21 +0.27 +2.02 +2.35

OCENet [16] -0.50 -0.81 +0.15 +0.73 -0.15 -0.01 +0.22 -0.15 -0.64

EAMNet [24] -0.10 +0.44 -0.08 -0.08 -0.52 -0.03 -0.12 -0.17 -0.18

DGNet [11] +0.80 +0.63 +0.01 +0.01 -0.14 -0.93 +0.69 +1.00 +0.26

HitNet [9] +1.20 +2.28 -0.21 +1.03 +0.10 -0.11 +3.07 +2.58 +1.72

PCNet [29] +0.87 +0.64 -0.08 +0.83 +0.08 +0.08 -1.07 +1.33 -0.36

Improv.(%) +0.37 +0.54 0.00 +0.50 -0.27 +1.50 +0.31 +1.06 +0.24
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these results, it is observed that the diffusion model achieves an improvement in
the preservation of the structure and original content of the image (SQ

Rf
+0.06%),

a better definition of edges and contours (SQ
b +1.0%) and consequently, a better

overall balance between fidelity and visual quality of the image (SQ
α +1.7%).

After evaluating the quality of the datasets, the next step is to compare the
results between data augmentation using Albumentations [1] and DiffuseMix [10]
techniques to improve the COD task. Table 3 shows the results of this evaluation.
Overall, DiffuseMix exhibits superior performance across most metrics. BGNet
with DiffuseMix achieves the best results in several key metrics, including Sα

(0.8666), Fw
β (0.8237), F adp

β (0.9356), Fmean
β (0.8431), and Fmax

β (0.8584). Hit-
Net with DiffuseMix also stood out, achieving the best performance in the M
metric (0.0157, where lower values are better) and in the Eadp

φ (0.9704) and
Emean

φ (0.9673) metrics. Among the results obtained when the augmentation
is performed with Albumentations, EAMNet and SINet-v2 show notable perfor-
mance, with SINet-v2 reaching the highest Emax

φ (0.9727) across all comparisons.
DGNet using Albumentations achieves the second-best result in the M metric
(0.0163). Interestingly, implementing the diffusion model generally improves the
performance of the base techniques, particularly in precision and edge detection
metrics.

On the other hand, Table 4 shows the comparative analysis between aug-
mentation with Albumentations [1] and augmentation with DiffuseMix [10];
it reveals interesting patterns in performance differences across various COD
techniques. HitNet and BGNet demonstrate the most substantial improvements
when implemented with the DiffuseMix technique, showing notable enhance-
ments across all evaluation metrics. Interestingly, some techniques like BASNet
show a slight deterioration in performance with the DiffuseMix approach, with
decreases ranging from -0.64% to -1.22% across various metrics. The median
difference performance comparison between both strategies indicates that Dif-
fuseMix technique generally outperforms Albumentations technique, with pos-
itive differences across Sα, Fw

β , Eadp
φ , Emax

φ , F adp
β , Fmean

β , and Fmax
β metrics

except for M , which remains neutral (0.00%) value and Emean
φ with a negative

difference of -0.27%. The most substantial improvements are observed in Fmean
β

and Emax
φ , with gains of 1.50% and 0.91% respectively. The diffusion model app-

roach improves performance, though its effectiveness varies across techniques and
metrics.

4.3 Qualitative Results

Figure 3 compares ground truth (GT) masks and predicted masks across different
techniques. In these visualizations, three distinct regions are highlighted: white
areas represent successful matches between GT and predicted masks, indicating
accurate detection; red areas denote false positive regions (over-segmentation),
where the model incorrectly predicts camouflaged objects in areas not marked
in the GT; and green areas indicate false negative regions (miss-segmentation),
representing areas where the model fails to detect camouflaged objects present in
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Fig. 3. Prediction results of nine state-of-the-art COD techniques trained with aug-
mentation with Albumentations [1] (col 1st to 4th) and DiffuseMix [10] (col 5th to
8th). White areas represent successful matches between GT and predicted masks; red
areas denote false positive regions (over-segmentation); and green areas indicate false
negative regions (miss-segmentation).(Color figure online)
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the GT. Visual analysis reveals that COD techniques trained with the Albumen-
tations method tend to produce more false positives (red) and false negatives
(green) compared to their counterparts trained with diffusion model-augmented
datasets. This observation suggests that the diffusion model-based approach
leads to more precise and accurate object detection, with fewer instances of
both over-segmentation and missed detections.

5 Conclusions

Experimental results demonstrate that the diffusion model-based data augmen-
tation technique outperforms the classical method, showing an improvement in
the quality of the camouflaged image detection reflected in an increase in the SQ

α

metric (+1.7%), which shows an overall better balance between reconstruction
fidelity score and boundary visibility score. On the other hand, a comparison
shows an improvement in the metrics using DiffuseMix, which indicates that
the diffusion model technique generally outperformes the classical method, with
positive improvements across most metrics (Sα, Fw

β , Eadp
φ , Emax

φ , F adp
β , Fmean

β ,
and Fmax

β ), the most substantial being in Fmean
β and Emax

φ , with gains of 1.50%
and 0.91% respectively.
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