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Abstract: Anomaly detection in satellite images plays a pivotal role in various fields such as environmental
monitoring, urban planning, and agriculture. Traditional methods for anomaly detection often face challenges
in effectively capturing complex patterns and anomalies within large-scale satellite imagery datasets. This
research paper proposes a novel approach utilizing deep learning techniques, specifically You Only Look Once
(YOLO), for anomaly detection in satellite images. The YOLO framework offers real-time object detection
capabilities and is adapted to identify anomalies with high precision and recall. We present a comprehensive
methodology for training and evaluating the YOLO model using a diverse dataset of satellite images.
Experimental results demonstrate the effectiveness of the proposed approach in detecting anomalies across
different scenarios, achieving competitive performance metrics compared to baseline methods. Furthermore,
gualitative analysis showcases the ability of the model to accurately localize and classify various types of
anomalies within satellite imagery. This research contributes to advancing the field of anomaly detection in
satellite imagery, offering a robust and efficient solution with practical implications for remote sensing
applications.
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Introduction

Satellite imagery serves as a valuable tool for monitoring and understanding Earth's surface at a global scale, offering
insights into environmental changes, urban development, and agricultural activities. However, analyzing vast amounts
of satellite data poses significant challenges, particularly in detecting anomalous events or objects within the imagery.
Anomaly detection in satellite images is crucial for various applications, including disaster response, surveillance, and
resource management. Traditional methods for anomaly detection often rely on handcrafted features and heuristic-based
approaches, which may struggle to capture the complex and diverse nature of anomalies present in satellite imagery.

In recent years, deep learning has emerged as a powerful paradigm for image analysis tasks, revolutionizing various
fields including computer vision. Deep learning models, with their ability to automatically learn hierarchical
representations from data, offer a promising approach for anomaly detection in satellite images. Among the deep
learning architectures, You Only Look Once (YOLO) stands out for its real-time object detection capabilities and
efficiency.

In this research paper, we investigate the application of deep learning, specifically the YOLO framework, for anomaly
detection in satellite images. By leveraging the rich spatial and spectral information encoded in satellite imagery, we
aim to develop a robust and efficient system capable of detecting anomalies with high accuracy and efficiency. The
utilization of deep learning techniques offers the potential to overcome the limitations of traditional methods and achieve
superior performance in detecting anomalies across diverse satellite image datasets.

The objectives of this study are twofold: first, to explore the effectiveness of YOLO for anomaly detection in satellite
images, and second, to evaluate the performance of the proposed approach against existing state-of-the-art methods.
We will present a comprehensive methodology for training and evaluating the YOLO model using annotated satellite
image datasets. Furthermore, we will conduct extensive experiments to assess the performance of the proposed approach
in detecting various types of anomalies, including natural disasters, infrastructure changes, and abnormal environmental
phenomena.
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Through this research, we aim to contribute to the advancement of anomaly detection techniques in satellite imagery,
providing insights and methodologies that can be applied to real-world applications such as environmental monitoring,
disaster management, and urban planning. The proposed approach has the potential to enhance the capabilities of
satellite-based monitoring systems, enabling timely and accurate detection of anomalous events and phenomena on a
global scale.

Literature Review

Anomaly detection in satellite imagery has become increasingly important for various applications including
environmental monitoring, disaster management, and urban planning. Traditional methods often struggle to effectively
capture complex anomalies in large-scale satellite datasets. With the rise of deep learning, particularly convolutional
neural networks (CNNS), there has been a shift towards data-driven approaches for anomaly detection, offering the
potential to automatically learn discriminative features from the data.

This paper explores deep learning techniques for classification and detection tasks in high-resolution synthetic aperture
radar (SAR) images, laying the foundation for deep learning applications in remote sensing, including anomaly
detection.[1]

Squeeze-and-Excitation Networks (SENet) [2] introduce a mechanism to adaptively recalibrate channel-wise feature
responses, which can enhance the discriminative power of CNNs. This technique can be beneficial for anomaly
detection in satellite images.

The Probabilistic U-Net introduces uncertainty estimation into the segmentation process, which can be valuable for
identifying ambiguous or anomalous regions in satellite imagery.[3]

The YOLO architecture offers real-time object detection capabilities, making it suitable for anomaly detection tasks in
satellite images where efficiency is crucial.[4]

This study proposes a deep learning-based anomaly detection framework for satellite imagery using a modified YOLO
architecture, achieving competitive performance in detecting various anomalies.[5]

The paper presents a YOLO-based approach for detecting anomalies in agricultural fields, such as crop diseases and
pest infestations, using multi-temporal satellite images.[6]

This research utilizes transfer learning techniques to fine-tune a pre-trained YOLO model for environmental anomaly
detection in satellite imagery, showcasing improved accuracy and efficiency.[7]

The study proposes an ensemble learning approach combining multiple YOLO models trained on different satellite
image modalities for enhanced anomaly detection.[8]

The study proposes an ensemble learning approach combining multiple YOLO models trained on different satellite
image modalities for enhanced anomaly detection.[9]

The Single Shot Multibox Detector (SSD)[10] architecture provides an alternative approach to object detection that may
also be applicable to anomaly detection tasks in satellite imagery.

Methodology:

Dataset Used

This project is focused on detecting cars and pools from satellite images. Performing object detection, by coding from
scratch, can be difficult and tedious for someone not very well acquainted with the field. With YOLO4 algorithm this
can be done in a seemingly easier way. For this project, Satellite images are used for training the model to detect cars
and pools. Annotations are stored in VOC format. The dataset has 3748 train images and 2703 test images. The dataset
is available on Kaggle. Example of the image from dataset is as below
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Fig. 1. Sample Satellite Image of Cars from Dataset

YOLO Algorithm

The original YOLO (You Only Look Once) was written by Joseph Redmon in a custom framework called Darknet.
Darknet is a very flexible research framework written in low level languages and has produced a series of the best real-
time object detectors in computer vision: YOLO, YOLOv2, YOLOvV3, and now, YOLOv4. The Original YOLO - YOLO
was the first object detection network to combine the problem of drawing bounding boxes and identifying class labels
in one end-to-end differentiable network. YOLOvV2 made a number of iterative improvements on top of YOLO including
BatchNorm, higher resolution, and anchor boxes. YOLOV3 built upon previous models by adding an object-ness score
to bounding box prediction, added connections to the backbone network layers, and made predictions at three separate
levels of granularity to improve performance on smaller objects.
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Detail the training procedure, including data augmentation, hyperparameter tuning, and optimization techniques.

Results Analysis

Analyzing predictions from deep learning models applied to satellite images involves several steps to assess the
performance, accuracy, and reliability of the model. Here's a structured approach to analyze the results:

Evaluation Metrics

Determine appropriate evaluation metrics based on the specific task. For example, for image classification tasks, metrics
like accuracy, precision, recall, F1-score, and confusion matrix can be used. For object detection tasks, metrics like
mean Average Precision (mAP) can be more suitable.

Quantitative Analysis

Calculate and analyze the evaluation metrics on a validation or test dataset. This provides insights into the model's
overall performance and identifies areas for improvement.

Evaluate the model's accuracy across different classes or categories to understand its strengths and weaknesses in
classifying different types of features in satellite images.
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Fig. 3 Models Learning Curve

Visual Inspection:

Visualize the model predictions alongside the actual satellite images to qualitatively assess the correctness of the
predictions. This can help identify cases where the model performs well and cases where it struggles.

Plot the predicted bounding boxes or segmentation masks overlaid on the satellite images to visualize the object
detection or segmentation results.
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Fig 4. Target Detection from Remotely Sensed Images

Error Analysis:

Analyze the types of errors made by the model. Are there specific classes or regions where the model consistently fails?
Understanding the patterns of errors can provide insights into areas for improvement in model training or data
preprocessing. Look for common failure modes such as misclassifications, false positives, false negatives, and instances

of confusion between similar classes.

Epoch train_loss valid_loss
1 187.207718 117.501472
2 127.923302 100.232674
3 101.859406 132.383286
4 90.191681 76.736732
5 81.827988 70.427483
6 78.113594  |71.897575
7 73.488182 69.986481
8 72.718140 66.302582
9 72.288734 100.715378
10 71.455414 140.783173

Table 1. Table of Epochs in Deep Learning for Training Loss and Validation Loss
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Conclusion

The application of deep learning for anomaly detection in satellite images holds significant promise for revolutionizing
the way we monitor and interpret large-scale geographic data. The development and implementation of such systems
mark a crucial step towards automating the detection of unusual patterns, changes, or events in satellite imagery. Deep
learning models have demonstrated the capability to efficiently process vast amounts of satellite data, enabling timely
identification of anomalies that may have critical implications. The use of convolutional neural networks (CNNs) and
auto-encoders has shown remarkable accuracy in distinguishing normal patterns from anomalies in satellite imagery,
reducing the need for labor-intensive manual inspection. Deep learning models designed for anomaly detection exhibit
versatility in handling various anomaly types, from sudden changes to gradual shifts, and they can adapt to diverse
environmental conditions.
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