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Abstract: Accurate cloud detection and segmentation in satellite
imagery are critical for applications such as weather forecasting,
environmental monitoring, and disaster management. Traditional
methods often struggle with the variability and complexity of
cloud formations, leading to limitations in accuracy and effi-
ciency. This project addresses these challenges by leveraging deep
learning techniques, specifically the ResNet-50 architecture inte-
grated with U-Net, to enhance the precision and robustness of
cloud detection. The model is trained on the 38-Cloud dataset,
which includes multi-spectral satellite images with pixel-level
annotations, enabling effective differentiation between cloud types
and other atmospheric features. The proposed system emphasizes
deployment on edge devices, such as NVIDIA Jetson Nano, to
facilitate real-time processing and analysis directly within satellites,
reducing latency and enabling continuous monitoring without the
need for constant ground-based data transmission. The model’s
performance is rigorously evaluated using metrics such as Inter-
section over Union (IoU), Dice Coefficient, precision, recall, and
Fl-score, demonstrating high accuracy and reliability. This work
contributes to the advancement of real-time atmospheric analysis,
offering a scalable and efficient solution for global weather predic-
tion and disaster response. The integration of a user-friendly web
interface further enhances accessibility, making this tool valuable
for researchers and practitioners in remote sensing and related

fields.
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1. Introduction

Applications like weather forecasting, environmental monitoring,
and disaster response depend heavily on the ability to identify and
segment clouds in satellite data. Clouds obfuscate satellite image
surface features, rendering large amounts of data useless. For better
and more useful imaging, cloud-covered zones must be accurately
identified and segmented.
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Conventional techniques for detecting clouds, like spectral
analysis and threshold-based algorithms, frequently fall short when
dealing with thin, semi-transparent clouds and complicated cloud
patterns.

Recent advancements in artificial intelligence (AI) and deep
learning have introduced more robust approaches to cloud detec-
tion. Convolutional neural networks (CNNs) have demonstrated
superior capabilities in image segmentation tasks, outperforming
conventional methods.

This project focuses on leveraging deep learning techniques,
specifically the ResNet-50 architecture integrated with U-Net,
to enhance the precision and robustness of cloud detection and
segmentation in satellite imagery. ResNet-50, a highly efficient
CNN, is well-suited for handling the challenges of multi-spectral
satellite imagery due to its depth and residual connections, which
mitigate the vanishing gradient problem and enable the training of
deep networks. By integrating ResNet-50 with U-Net, the model
benefits from both the powerful feature extraction capabilities of
ResNet and the precise segmentation abilities of U-Net.

To enable real-time analysis, the proposed system is designed
for deployment on edge devices such as the NVIDIA Jetson Nano.
This edge-based approach minimizes data transmission require-
ments and allows continuous monitoring of atmospheric condi-
tions. The model is trained on the 38-Cloud dataset, which consists
of multi-spectral satellite images with pixel-level annotations, facil-
itating effective differentiation between cloud types and other
atmospheric elements.

Beyond academic interest, accurate cloud segmentation is
vital for improving satellite data quality, benefiting applications
like disaster management and climate research. For example, real-
time cloud segmentation can help emergency responders iden-
tify cloud-free regions in wildfire-affected areas, while agricultural
planners can utilize cloud-free imagery for crop health assessments
and land-use planning.

1.1. Objectives of Proposed Study

o To design and implement a robust cloud detection and segmen-
tation system based on deep learning techniques.

o To deploy the model on edge devices for real-time atmospheric
analysis and monitoring.

o To evaluate the model’s performance using key metrics such as
ToU, Dice Coefficient, Precision, Recall, and F1-Score.

o To enhance accessibility enabling researchers and practitioners
to interact with segmentation results seamlessly.
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2. Literature Review

Research on cloud recognition and segmentation in satellite data
is ongoing, and deep learning techniques have made major strides
in this field. Conventional cloud detection methods, like spec-
tral analysis and threshold-based approaches, have trouble general-
izing under various atmospheric situations. Convolutional neural
networks (CNNis), a type of deep learning model, have been used
in recent research to increase segmentation efficiency and accuracy.

Zhu et al. (2018) [1] introduced CDNet, a CNN-based
model for cloud detection in remote sensing images. The study
demonstrated the robustness of CNNs in distinguishing clouds
from non-cloud regions. The model achieved an overall accu-
racy of 94.5%, outperforming traditional spectral-based methods.
However, the computational cost of training and deploying
CDNet remains high, making real-time implementation on edge
devices challenging.

Heetal. (2016) [2] proposed ResNet, a deep residual learning
framework, which significantly improved training stability in
deep networks by addressing the vanishing gradient problem.
Residual connections enable deeper models to extract more mean-
ingful features from satellite imagery, making ResNet a suit-
able choice for cloud detection tasks. The integration of ResNet
with U-Net architectures has led to improved cloud segmentation
performance.

Shietal. (2019) [3] employed deep pre-trained U-Net models
for semantic segmentation of clouds. The study utilized transfer
learning with pre-trained weights to enhance model performance.
The approach achieved an accuracy of 97.2% and proved effective
in distinguishing different cloud types. Despite these advantages,
the computational requirements for training deep U-Net models
remain a limitation for real-time applications.

Li et al. (2020) [4] introduced CDUNet, a U-Net variant
optimized for cloud segmentation. By integrating convolutional
layers with skip connections, the model achieved an accuracy of
96.8% on benchmark datasets. The skip connections improved
spatial information retention, enhancing segmentation precision.
However, the high memory requirements of U-Net models limit
their deployment on low-power edge devices.

Braaten et al. (2019) [5] developed s2cloudless, a cloud
masking algorithm tailored for Sentinel-2 imagery. The model
employed machine learning techniques to differentiate clouds
from other atmospheric features. With an accuracy of 95%,
s2cloudless provided an effective solution for cloud masking.
However, it requires signiﬁcant computational resources, limiting
its applicability for real-time edge deployment.

In addressing real-time constraints, Hu et al. (2021) [6]
proposed CDNet-Edge, a lightweight CNN-based model opti-
mized for edge computing platforms like NVIDIA Jetson Nano.
The model achieved a balance between accuracy and efficiency,
making it suitable for real-time cloud segmentation. The study
emphasized the importance of model optimization techniques,
such as quantization and pruning, to reduce computational
overhead.

Raschka et al. (2021) [8] proposed a Transformer-based
cloud segmentation model, leveraging self-attention mechanisms
to capture long-range dependencies in satellite images. The model
outperformed CNN-based approaches in detecting thin and semi-
transparent clouds. Despite its advantages, the high computational
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cost of transformer models remains a challenge for edge deploy-
ment.

Wang et al. (2024) [15] conducted a comprehensive survey
on deep learning-based cloud detection for optical remote sensing
images. Their review highlights the evolution of cloud detection
algorithms, emphasizing the impact of self-attention Transformer
models in improving segmentation accuracy. They categorized
existing methods based on semantic segmentation approaches
and compared their performance using publicly available datasets.
While deep learning has significantly enhanced cloud detection
precision, challenges remain in handling diverse cloud formations
and environmental conditions.

Ni et al. (2024) [16] examined cloud detection methods
for hyperspectral infrared radiances, categorizing them into five
types: clear field-of-view detection, clear channel detection, three-
dimensional cloud detection, cloud-clearing, and deep learning
methods. Their review underscores the advantages of deep learning
in hyperspectral IR cloud detection, particularly in terms of accu-
racy and efficiency. However, factors such as surface background
information and vertical cloud distribution continue to influence
detection reliability.

3. Methodology

The architecture of the proposed system is composed of multiple
interconnected components that seamlessly collaborate to achieve
efficient cloud detection and segmentation.

Gathering raw satellite imagery as input is the first step in
the process, known as data acquisition. To guarantee consistency
and improve model performance, this data is preprocessed using
techniques such as spectral channel merging, image scaling, and
pixel value normalisation. The preprocessed data is then used in
Model Training, which creates a high-performance segmentation
model by training, optimising, and validating a U-Net model with
ResNet-50 as the backbone.

Once trained, the model is applied to Cloud Detection and
Segmentation, where new satellite images are processed to identify
and classify cloud-covered regions. The segmented cloud data is
then prepared for Deployment, allowing the model to run on edge
devices for real-time analysis. The system generates meaningful
insights during the Output Generation phase, including cloud
coverage and classification, which are presented through visualiza-
tions and analytical reports.

The suggested technique employs a methodical procedure
that comprises data gathering, preprocessing, model creation,
assessment, and implementation. Every stage is meticulousiy
planned to improve cloud detection and segmentation efficiency
and accuracy, guaranteeing dependable and strong performance in
practical applications.

Data Collection

38 Landsat 8 scene photos with pixel-level ground truth masks for
cloud recognition are included in the 38-Cloud: Cloud Segmen-
tation in Satellite photos dataset [9], which was used for this
investigation. The raw photos are separated into 384 X 384 patches
in order to facilitate deep learning-based segmentation; this yields
8,400 training patches and 9,201 testing patches. Four spectral
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Figure 1.
Raw RGB sample image from the dataset.

channels are present in each patch: Near-Infrared (Band 5), Blue
(Band 2), Green (Band 3), and Red (Band 4). Because these
spectral channels are kept in different directories, preprocessing
and model input design are made more flexible. Training a high-
performance cloud segmentation model is made possible by the
dataset’s rich spectrum information and thorough annotations.

Data Preprocessing

Preprocessing plays a crucial role in preparing raw satellite imagery
for deep learning. The spectral channels are combined to create
composite images, resized to a uniform input size compatible with
the model, and normalized to maintain consistent pixel intensity
distribution. These steps ensure data standardization, improving
training eﬂiciency and enhancing model convergence for accurate
cloud segmentation.

Figure 1 displays the sample image from the dataset after pre-
processing.

Model Development

The cloud detection and segmentation algorithm using a U-Net
model with a ResNet-50 backbone is designed for efficient satellite
imagery processing and accurate cloud segmentation.

The proposed approach automates cloud detection by lever-
aging ResNet-50 as the encoder within the U-Net architecture.
The process begins with data preparation, where satellite images
and ground truth masks are loaded, spectral channels are merged,
images are resized, and pixel values are normalized to enhance
model performance.

Next, the U-Net modelis initialized with pre-trained ResNet-
50 weights for transfer learning, improving feature extraction. The
dataset is then divided into training, validation, and test sets for
unbiased model evaluation. During training, the model is opti-
mized using a suitable loss function, such as Binary Cross-Entropy
or Dice Loss, and data augmentation techniques like rotation and
flipping are applied to enhance generalization.

Figure 2 illustrates the detailed layer arrangement within the
model.
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Figure 2.

Resnet layers emphasized in the model.

Table 1.
Metric Value
IoU 91.10
Dice Score 95.3
Precision 92.08
Recall 96
F1 score 98

Model Training and Validation

Important metrics like the Dice Coefficient and Intersection over
Union (IoU) are utilized to evaluate the segmentation accuracy of
the model. After training is finished, the model is used to interpret
fresh satellite images and produce segmentation masks for real-time
cloud detection.

To enable edge deployment, the model is optimized for
resource-efficient inference on low-power devices. Finally, the
system extracts insights such as cloud coverage and classification,
supporting applications in weather forecasting, environmental
monitoring, and disaster management.

Model Summary Table

Table 1 summarizes the performance of the Cloud Detection
model based on the evaluation metrics computed during testing.
Edge Deployment Optimization: To ensure real-time
performance on edge devices like the NVIDIA Jetson Nano, the
model was optimized using several techniques. Transfer learning
with a pre-trained ResNet-50 reduced training time. Quanti-
zation converted weights to 8-bit integers, minimizing memory
usage. Pruning removed redundant parameters to speed up infer-
ence. The model was then converted to ONNX and deployed
with TensorRT, leveraging GPU acceleration on the Jetson Nano.
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These steps enabled fast, efficient inference without compromising
accuracy.

4. Results and Analysis

This chapter presents the results and outputs generated by the
proposed system, including screenshots, performance metrics,
and visualizations. A detailed analysis follows, evaluating the
model’s effectiveness in cloud detection and segmentation using
key metrics. Additionally, the results are discussed to assess the
model’s accuracy, robustness, and real-world applicability.

The Figure 3 contains the sample rgb raw image from training
dataset.

The Figure 4 contains the sample ground truth mask of the

sample rgb raw image from training dataset.

Model Predictions

The Figure S shows the Predicted cloud segmentation mask by the
model compared to the raw rgb and ground truth images.
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Figure 3.
Sample input satellite image (RGB channels).
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Figure 4.

Corresponding ground truth mask for the input image.
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Figure S.
Predicted cloud segmentation mask by the model.

Training and Validation Loss

—— Train loss
valid loss

Loss

Epochs

Figure 6.

Training and validation loss over 50 epochs.

Analysis

The analysis section provides an in-depth evaluation of the model’s
performance using training metrics, visualizations, and detailed
discussions.

The training and validation loss were monitored throughout
the training process to track model convergence and prevent
overfitting.

The graph demonstrates a steady decline in loss values, indi-
cating effective learning. Additionally, the validation loss closely
follows the training loss, suggesting minimal overfitting and strong
generalization.
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Figure 7.

Accuracy progression over 50 epochs.
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Figure 8.

The confusion matrix plotted using the test dataset.

The model’s training and validation accuracy were plotted to
assess performance over time.

The accuracy graph highlights consistent improvements in
both training and validation accuracy, showcasing the model’s
robustness and ability to generalize well on unseen data.

The confusion matrix reveals a high true positive rate, demon-
strating the model’s effectiveness in accurately identifying cloud
regions.

Misclassifications are minimal, primarily occurring in chal-
lenging cases, such as thin or semi-transparent clouds.

The confusion matrix provides a detailed comparison
between the model’s predictions and actual ground truth labels.

The model achieved 512,226 true positives and 1,207,236
true negatives, indicating strong accuracy in detecting both
cloud and non-cloud regions. False negatives (5,983) were
minimal, mainly due to thin or semi-transparent clouds, while
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Figure 9.

Summary of the performance metrics.

false positives (44,027) suggest slight over-segmentation in some
clear areas. Overall, the confusion matrix confirms the model’s reli-
ability and effectiveness for real-world satellite image segmentation.

Analysis

The model’s performance is quantitatively assessed using various
evaluation metrics, including accuracy, precision, recall, F1-score,
and IoU score.

5. Conclusion and Future Work

This project’s main goal was to use deep learning techniques —
more especially, the U-Net architecture with ResNet-50 as the
backbone — to create a reliable cloud identification and segmen-
tation model for satellite data. The suggested model demonstrated
its efficacy in precisely detecting cloud regions by achieving notable
accuracy, as evidenced by performance indicators such as high Dice
Coefficient, IoU score, and ROC AUC score.

The model’s performance improved significantly through
dataset pretreatment like spectral channel merging and normal-
ization. Evaluation results confirmed its suitability for real-world
satellite use by accurately distinguishing cloud from non-cloud
areas.

This project enhances remote sensing by providing reliable
cloud detection, crucial for quality satellite imagery and applica-
tions like land monitoring, disaster response, and climate analysis.

Future work includes optimizing the model further for real-
time inference, integrating temporal modeling to track cloud
movement, and exploring self-supervised learning approaches to
reduce dependence on annotated datasets.
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