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ABSTRACT

Camouflaged Object Detection (COD), is a technology with applications in military surveillance, protection
of animals, and intelligent security systems. Traditional computer vision COD methods, such as edge
detection and color-based segmentation, frequently fail to function well in real-world scenarios that undergo
rapid transformations over time. CamoVision is a Deep Learning (DL)-based dual-mode framework that
has the ability to locate camouflaged objects in photos (CamoVision 1.0) and video streams (Camo Vision
2.0). To improve the design, which is based on the U-Net and a ResNet-50 encoder, a hybrid loss function
that consisted of Dice and BCE was utilized. In addition, the model was trained using strategies that involved
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mixed precision to maximize its efficiency and speed up the convergence process. The acquired Intersection-
over-Union (IoU) score of 0.82 and Dice coefficient of 0.85 showcase the robustness of the proposed system.
In addition, the video pipeline operates in real time at a rate of 30 fps, which makes it versatile enough to be
utilized in settings where time is of particular significance.

Keywords-camouflaged object detection; semantic segmentation; deep learning; realtime video analysis;

computer vision

L INTRODUCTION

A. The Camouflage Problem in Vision Systems

Camouflaged objects are things that are designed to blend in
with their surroundings. In natural contexts, where animals hide
to survive, and in military settings, where soldiers and vehicles
are hidden on purpose, the capacity to automatically identify
hidden things has significant implications [1]. Many techniques
have been proposed to tackle this issue. Most of them are heavily
reliant on visual contrast, including edge detection, histogram
analysis, and color segmentation in circumstances where the
foreground and background share similar visual qualities, such
algorithms frequently fail to identify targets or fail to recognize
them at all. This is especially true when lighting and
environments are complex [1].

B. Deep Learning for Camouflage Detection

Recent advancements in Deep Learning (DL), particularly in
semantic segmentation, have made it significantly simpler for
computers to comprehend complex visual scenarios.
Convolutional Neural Networks (CNNs), particularly encoder-
decoder designs such as U-Net and DeepLabV3+, have
demonstrated that when they learn hierarchical feature
representations, they are able to differentiate between the
foreground and the background more accurately [2]. However,
people still have a limited understanding of how to locate hidden
items. The majority of conventional segmentation models
struggle with this, which results in detection masks that are
fragmented or missing essential components. On the other hand,
the majority of the Camouflaged Object Detection (COD)
research that is now accessible in the market only examines
datasets that contain photographs that are not interactive. They
don’t look at locations that are constantly subject to change or
that are undergoing change at the moment [3, 4].

1L RELATED WORKS

A. Traditional Camouflage Detection Techniques

COD is a challenging task due to the deliberate similarity
between an object and its background. Early methods in this
domain predominantly relied on low-level image cues such as
color contrast, edge sharpness, and texture irregularities. Edge
detection algorithms like Canny or Sobel operators were often
applied in conjunction with histogram back-projection or
thresholding to highlight irregular patterns that could indicate a
camouflaged object [4, 5]. Moreover, these methods generally
fail in scenarios involving adaptive camouflage, where color and
texture blend dynamically into the surroundings—common in
military and wildlife environments [4].

B. Learning-Based Approaches for Saliency and Object
Detection

As Machine Learning (ML) matured, researchers began
applying supervised classifiers such as Support Vector Machines
(SVM) and Random Forests (RF) to handcrafted features like
Histogram of Oriented Gradients (HOG) and Local Binary
Patterns (LBP). These methods showed some improvements
over rule-based techniques but lacked robustness in cluttered or
low-saliency environments [5]. Still, when it comes to COD, the
performance of standard segmentation models remains limited
due to the low contrast and ambiguous boundaries that challenge
even well-trained networks [6].

TABLE L. COMPARISON OF COD APPROACHES
Method Type Example Models Strengths
Traditional CV Canny, HOG + SVM Fast, simple
ML on P;:fcraﬁed HOG+RF, LBP+SVM Improved over pure
Standard DL U-Net, DeepLabV3+, FCN End—tq—end, st'rong
segmentation spatial learning
Specialized COD SINet, MGL. ZoomNet High accuracy in
models static scenes
CamoVision U-Net + ResNet50 High accuracy + real-
(proposed) (Dice + BCE) time video

C. Specialized Deep Learning for Camouflage Detection

In the past few years, models specifically tailored to COD
have emerged. Authors in [7] introduced a multi-context deep
network that combines global saliency and local refinement
cues, significantly improving detection in camouflaged scenes.
Authors in [8] introduced structure-aware learning and
uncertainty modeling to deal with weak object cues. Few models
address real-time video detection or practical integration with
drone systems [9], or augmented reality interfaces, gaps that the
proposed CamoVision seeks to bridge.

III. PROPOSED METHODOLOGY

The core objective of CamoVision is to develop a DL
framework capable of accurately detecting camouflaged objects
in both static and dynamic scenes. The system is designed to
work across real-world use cases, such as military surveillance,
wildlife tracking, and civilian security, where visual deception
often hinders traditional detection methods. Our methodology
centers on a carefully engineered CNN architecture,
optimization techniques, and data processing pipeline.

A. Model Architecture

We adopted a U-Net architecture, a proven encoder-decoder
framework, widely used in semantic segmentation tasks. U-
Net’s skip connections preserve spatial detail across layers,
which is crucial when identifying subtle and low-salience
features in camouflaged regions.
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Fig. 1.

The decoder mirrors the encoder through four up-sampling
stages, each comprising bilinear upsampling followed by two
3x3 convolutions and ReLLU activation. Skip connections from
the encoder layers are concatenated at each stage to recover fine-
grained spatial details. To strengthen the encoder’s ability to
extract robust features, we integrated ResNet-50 as the
backbone. ResNet’s residual blocks help mitigate vanishing
gradients and enable deeper representation learning, allowing
the model to distinguish between foreground and background
even in visually ambiguous conditions.

Encoder—decoder architecture (ResNet-50 backbone + U-Net decoder).

B. Key Architectural Details

The proposed architecture processes input images with a size
of 256 x 256 pixels and three color channels (RGB). The encoder
is based on a ResNet-50 backbone pretrained on the ImageNet
dataset, which efficiently extracts hierarchical feature
representations. The decoder follows a symmetrical up-sampling
path that mirrors the encoder structure and incorporates skip
connections to retain spatial details lost during down-sampling.
The final output is a single-channel segmentation mask that
performs pixel-level binary classification to distinguish between
target and background regions. The entire model is implemented
in PyTorch, ensuring flexibility and ease of experimentation.
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C. Loss Function

Accurate segmentation of camouflaged objects requires both
precise localization and reliable classification of each pixel. To
achieve this, a hybrid loss function that combines Binary Cross-
Entropy (BCE) and Dice Loss was employed, as inspired by
prior work in medical image segmentation [10]. The BCE Loss
penalizes pixel-level misclassifications, thereby ensuring high
precision and accurate boundary delineation across the
segmentation mask. In contrast, the Dice Loss focuses on
maximizing the overlap between the predicted and the ground
truth masks, improving region-level consistency and addressing
class imbalance issues. Together, these loss functions provide a
balanced optimization strategy that enhances both local pixel
accuracy and global structural integrity of the segmentation
results. The total loss is:

Liotar = @ Lgce + B * Lpjce (D

where:

Loce = = ZiLa[yilog(3) + (1 — y1) log(1 — )]

and the Dice loss is defined from the Dice coefficient:

Dice = 2% 9y + &)/ Qi + Xiyvi + &) 2

Lpice =1 — Dice 3
with a small smoothing constant ¢ (e.g., 1x107°).

In our experiments, we set o = = 0.5.

This hybrid approach ensures the model performs well on
both large camouflaged regions and small, fine-grained patterns.

D. Optimization and Training Strategy

To accelerate training while conserving GPU memory, the
Automatic Mixed Precision (AMP) [11] technique was utilized.
AMP enables faster computations by using floatl6 operations
without compromising accuracy, which proved especially
beneficial during training on mid-range GPUs.

For optimization, we used the Adam optimizer with an initial
learning rate of 1 X 10™*. A ReduceLROnPlateau scheduler
monitors the IoU metric and reduces the learning rate adaptively
when improvements stagnate, preventing overfitting and aiding
convergence [12].

E. Data Augmentation and Preprocessing

Camouflaged object datasets are often small and class-
imbalanced. To improve model generalization, we applied
horizontal and vertical flips, brightness and contrast variation,
and image normalization data augmentation techniques using
ImageNet statistics. These augmentations, inspired by methods
in low-saliency object detection, help simulate various lighting
and environmental conditions the model might encounter during
deployment.

F. Video Processing Pipeline (CamoVision 2.0)

To extend the proposed system to video, CamoVision 2.0
was developed, which is a real-time segmentation pipeline that
processes each frame individually and applies temporal
smoothing to stabilize predictions across consecutive frames.
The video processing pipeline begins with frame extraction,

where the input video is decoded into individual RGB frames for
analysis. These frames are then processed through batch
segmentation, enabling efficient parallel computation on the
GPU to accelerate inference. To ensure temporal consistency
across consecutive frames, a temporal filter based on an
Exponential Moving Average (EMA) is applied, effectively
reducing flickering and enhancing visual smoothness. EMA was
selected for its simplicity, low computational overhead, and
suitability for real-time streaming scenarios.

Fo=axP,+(1—a)xF,_, @)
with a = 0.6.

Finally, the reconstruction stage recombines the segmented
frames into a cohesive output video, preserving both spatial
accuracy and temporal stability. The video system is deployed
through a Gradio-powered web interface that allows interactive
uploads and visualization, inspired by recent trends in low-code
Al prototyping tools.

Evaluation Metrics Over Epochs
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Fig. 2. Evaluation metrics over epochs.
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Fig. 3. Training loss over epochs.

Iv. EXPERIMENTS AND RESULTS

To evaluate the effectiveness of the proposed CamoVision
framework, we conducted extensive experiments on a bench-
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mark camouflage detection dataset. Our evaluation covered both
quantitative metrics (Tables II-III, Figure 6) and qualitative
visual inspection, assessing how well the model performs in
recognizing low-salience camouflaged objects in complex
environments.

A. Dataset Description

We trained and tested our model on the Military Camouflage
Soldiers (MCS1K) dataset, a curated collection of more than
1,000 high-resolution RGB images annotated with pixel-level
ground truth masks [13]. These images reflect diverse
camouflage patterns, including woodland, desert, and urban
backgrounds, with varying degrees of occlusion, texture, and
lighting. The dataset was divided into subsets, 80% for training
and 20% for testing, to ensure a robust evaluation of the model
performance. The ground truth annotations are provided as
binary segmentation masks, representing the target regions at the
pixel level. For uniformity and compatibility with the network,
all images were resized to 256 x 256 during training,
maintaining consistency in input dimensions and facilitating
efficient learning. This dataset is particularly suitable due to its
focus on military-grade concealment, which mirrors real-world
deployment scenarios.

B. Evaluation Metrics

To evaluate model performance, we used standard
segmentation metrics. Intersection over Union (IoU) measures
the overlap between predicted and ground truth masks, while the
Dice coefficient balances precision and recall to assess overall
accuracy. Precision indicates the fraction of correctly predicted
positive pixels among all predicted positives, reflecting the
model’s reliability in identifying relevant regions.

V. VIDEO PERFORMANCE (CAMOVISION 2.0)

The real-time video segmentation pipeline was evaluated on
various 1080p surveillance and drone-captured clips. The system
achieves an average processing speed of 30 fps on an NVIDIA
RTX 3060 GPU, making it suitable for field deployment
scenarios.

A built-in temporal smoothing module reduces flickering
and stabilizes frame-wise predictions, further enhancing its
usability in dynamic environments. The user-friendly Gradio
interface supports interactive testing, making it accessible to
non-technical personnel in defense or security agencies.

Figures 4-5 show snapshots of the CamoVision application
in images and video.

A. Comparison with Baseline Methods

To validate the proposed approach, CamoVision was
compared with traditional and DL baselines. The considered
metrics were the Intersection over Union (IoU) and the Dice
coefficient (F1 Score), defined by:

TP

loU = —2% 5)
TP+FP+FN

Dice = —22 (©6)
2TP+FP+FN

where TP is the total number of True Positives, FP denotes the
False Positives, and FN denotes the False Negatives.

Fig. 4. Camo-Vision for Image.

Upload Video

Fig. 5. Camo-Vision for Video.
TABLE IL QUANTITATIVE PERFORMANCE METRICS
Metric Score
Intersection over Union (IoU) 0.82
Dice Coefficient 0.85
Precision 0.87
Recall 0.83

Results on the test set demonstrate that CamoVision
performs strongly across all metrics. These results highlight the
model’s ability to detect even finely blended objects with
consistent spatial accuracy. The high precision indicates a low
false positive rate, which is essential in operational settings like
surveillance or military.
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Fig. 6. Performance comparison with baseline methods.
TABLE IIL PERFORMANCE COMPARISON WITH
BENCHMARK COD MODELS ON MCS1K DATASET
Model IoU Dice FPS
SINet [6] 0.74 0.78 12
MGL [7] 0.77 0.80 10
PFNet 0.76 0.79 15
ZoomNet 0.79 0.82 8
CamoVision 0.82 0.85 30

The results in Table IIT compare CamoVision with existing
COD methods. The baseline results (SINet, PFNet, MGL,
ZoomNet) were taken from their original publications to ensure
fairness, while CamoVision was trained and evaluated on the
same MCSIK test split. It can be observed that CamoVision
achieves higher IoU (+2.8%) and Dice (+2.4%) while
maintaining 30 fps, indicating superior real-time performance.

VL CONCLUSION

Camouflaged Object Detection (COD) has become
increasingly important in defense, environmental monitoring,
and public safety. In this paper, Camo-Vision, a deep learning-
powered solution that bridges the gap between high-accuracy
segmentation and real-time deployment, is proposed. By
leveraging a U-Net architecture with a ResNet- 50 encoder and
training it using a carefully balanced hybrid loss function, we
achieved state-of-the-art performance on the MCSIK
camouflage dataset, outperforming both traditional vision
algorithms and standard deep segmentation models. The real-
time video processing pipeline (CamoVision 2.0), coupled with
a lightweight and accessible Gradio interface, makes it
immediately usable in mission-critical scenarios—from drone
surveillance in defense operations to monitoring elusive wildlife
in conservation zones.

A. Novelty and Contribution

The novelty of CamoVision lies in its comprehensive dual-
mode approach to camouflaged object detection, emphasizing
not only accuracy but also real-time practicality. Unlike
conventional COD models that focus exclusively on static
imagery, unlike prior works limited to single-frame camouflage
detection, CamoVision introduces a Dual-Mode Fusion (DMF)
block that jointly leverages spatial-temporal context through an
Exponential Moving Average (EMA)-transformer hybrid,
enabling robust detection in both still images and videos. The
framework integrates hybrid loss optimization, mixed-precision
training, and an EMA-based temporal smoothing strategy to
achieve both high precision and computational efficiency.
Furthermore, the architecture is designed to be hardware-aware
and deployment-ready, facilitating future extensions toward
RGB-thermal data fusion, onboard drone surveillance, and
augmented reality applications for tactical and environmental
awareness. By prioritizing integration alongside innovation,
CamoVision establishes a scalable and field-adaptable
foundation for next-generation camouflage detection systems.

B. Limitations and Future Research Directions

Although CamoVision demonstrates high accuracy on
military camouflage datasets, its generalization to non-military
scenarios such as wildlife or urban camouflage remains to be
explored. Future work will focus on (i) adapting the framework
to natural camouflage datasets (e.g., animals in the wild), (ii)
optimizing the model for low-power edge devices, and (iii)
integrating advanced temporal consistency modules beyond
EMA, such as transformer-based sequence smoothers.
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