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ABSTRACT: This project presents a deep 

learning-based approach for human detection in 

aerial images, aimed at supporting search and 

rescue operations. In disaster scenarios such as 

floods, earthquakes, or accidents, aerial 

imagery captured by drones or surveillance 

systems can be used to locate affected 

individuals. However, manual analysis of such 

images is time-consuming and inefficient. To 

address this, the proposed system automates the 

detection of humans using a trained object 

detection model. 

The system is developed using YOLOv8, a 

state-of-the-art real-time object detection 

algorithm based on convolutional neural 

networks. A custom dataset of aerial images is 

used to train the model through transfer 

learning, enabling it to identify humans with 

reasonable accuracy. The trained model 

processes input images and outputs bounding 

boxes around detected individuals along with 

confidence scores. 

The implementation includes dataset 

preparation, model training, and a prediction 

module that allows users to input images and 

visualize detection results. The system 

demonstrates how deep learning techniques can 

be applied to automate human detection in 

aerial scenarios, potentially assisting rescue 

teams in locating survivors more efficiently. 

Although the system shows promising results, 

its performance depends on dataset quality and 

may be affected by factors such as low 

resolution, occlusion, and complex 

backgrounds. Future improvements can include 

real-time video processing, multi-class 

detection, and deployment in drone-based 

applications. 

Keywords: Human Detection, Aerial Imagery, 

Deep Learning, YOLOv8, Object Detection, 
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1. INTRODUCTION 

In recent years, the use of aerial imagery has 

increased significantly in various applications 

such as surveillance, disaster management, and 

environmental monitoring. In search and rescue 

operations, aerial images captured by drones or 

satellites play a crucial role in identifying 

affected areas and locating missing or trapped 

individuals. However, manually analyzing 

large volumes of aerial data is time-consuming, 

labor-intensive, and prone to human error. 

To overcome these challenges, computer vision 

and deep learning techniques have been widely 

adopted for automated image analysis. Object 

detection, a key task in computer vision, 

enables systems to identify and locate objects of 

interest within images. In this project, human 

detection is performed using a deep learning-

based object detection model to assist in aerial 

search and rescue scenarios. 

The proposed system utilizes YOLOv8, a state-

of-the-art real-time object detection algorithm 

known for its speed and efficiency. YOLOv8 is 

based on convolutional neural networks 

(CNNs) and is capable of detecting objects in a 

single pass, making it suitable for applications 

requiring quick and accurate predictions. By 

leveraging transfer learning, the model is 
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trained on a custom dataset of aerial images to 

specifically detect humans. 

The system consists of multiple stages, 

including dataset preparation, model training, 

and prediction. During the prediction phase, the 

trained model processes input images and 

generates bounding boxes around detected 

humans along with confidence scores. This 

helps in identifying the presence and 

approximate location of individuals in aerial 

views. 

Although the system demonstrates the potential 

of deep learning in automating human 

detection, its performance depends on factors 

such as dataset quality, image resolution, and 

environmental conditions. Despite these 

limitations, the project highlights how artificial 

intelligence can support search and rescue 

operations by reducing manual effort and 

improving detection efficiency. 

1.1 Motivation 

In disaster situations such as earthquakes, 

floods, and accidents, quickly locating affected 

individuals is critical for saving lives. Aerial 

imagery captured through drones and 

surveillance systems provides a wide-area view 

of disaster zones, making it a valuable resource 

for search and rescue operations. However, 

manually analyzing these images is time-

consuming, inefficient, and may lead to missed 

detections, especially in complex 

environments. 

The motivation behind this project is to develop 

an automated system that can assist in detecting 

humans in aerial images using deep learning 

techniques. By leveraging advanced object 

detection algorithms such as YOLOv8, the 

system aims to reduce human effort and 

improve the speed and accuracy of identifying 

individuals in large-scale images. 

This project is also motivated by the growing 

importance of artificial intelligence in real-

world applications, particularly in critical 

domains like disaster management and public 

safety. Automating human detection can help 

rescue teams make faster decisions, prioritize 

areas of interest, and improve overall efficiency 

during emergency response. 

Additionally, this work provides an opportunity 

to explore practical applications of computer 

vision and deep learning, bridging the gap 

between theoretical knowledge and real-world 

problem-solving. 

1.3  Proposed System 

• The proposed system aims to 

automatically detect humans in aerial 

images using deep learning techniques.  

• It utilizes YOLOv8, a real-time object 

detection algorithm based on 

convolutional neural networks (CNN).  

• A custom dataset of aerial images is 

prepared and organized into training 

and validation sets.  

• The model is trained using transfer 

learning, starting from a pretrained 

YOLOv8 model and adapting it to 

detect humans.  

• During the detection phase, the system 

takes an input image and processes it 

through the trained model.  

• The model identifies human presence 

and generates bounding boxes with 

confidence scores.  

• Non-Maximum Suppression (NMS) is 

applied to remove duplicate or 

overlapping detections.  

• The system displays the output image 

with highlighted detected humans, 

making it easier to identify individuals. 

2. SEQUENCE DIAGRAM 

The Sequence Diagram illustrates the 

interaction between different components of the 

system in a time-ordered manner. It shows how 

messages are passed between the user, user 

interface, detection module, and model during 

the execution of the system. In this project, the 
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sequence diagram represents the process where 

the user selects an image, the system sends it to 

the YOLOv8 model for detection, processes the 

results, and displays the output. This diagram 

helps in understanding the dynamic behavior of 

the system and the order in which operations are 

performed. 

 

Fig .1: Sequence Diagram 

3. ALGORITHMS 

YOLOv8 (You Only Look Once) 

The primary algorithm used in this project is 

YOLOv8, which is a state-of-the-art object 

detection algorithm based on deep learning. It 

is a single-stage detector that processes the 

entire image in one pass and predicts bounding 

boxes along with class probabilities. YOLOv8 

is known for its high speed and accuracy, 

making it suitable for real-time applications 

such as aerial human detection. In this system, 

the trained YOLOv8 model is used to detect 

humans in aerial images and generate bounding 

boxes with confidence scores. 

Convolutional Neural Network (CNN) 

YOLOv8 is built on Convolutional Neural 

Networks (CNNs), which are used for feature 

extraction from images. CNNs help the model 

learn important patterns such as shapes, edges, 

and textures. These features are essential for 

identifying humans in complex aerial images. 

The CNN backbone in YOLOv8 extracts spatial 

features that are later used for object detection. 

Non-Maximum Suppression (NMS) 

Non-Maximum Suppression is used to 

eliminate duplicate or overlapping bounding 

boxes generated during detection. When 

multiple boxes are predicted for the same 

object, NMS selects the box with the highest 

confidence score and removes the rest. This 

ensures that each detected human is represented 

by a single, accurate bounding box. 

Image Preprocessing Techniques 

Before passing images to the model, 

preprocessing techniques such as resizing and 

normalization are applied. These steps ensure 

that the input image matches the required 

format of the model and improves detection 

performance. Preprocessing helps in 

maintaining consistency and enhances the 

accuracy of predictions. 

Transfer Learning 

Transfer Learning is used in this project to 

improve model performance and reduce 

training time. Instead of training the model 

from scratch, a pretrained YOLOv8 model is 

used, which has already learned general image 

features from a large dataset. The model is then 

fine-tuned on a custom dataset for human 

detection in aerial images. This approach helps 

in achieving better accuracy with less training 

data and computational resources. 

4. SAMPLE DATA 

The sample data used in this project consists of 

aerial images containing human subjects 

captured from a top-down perspective. These 

images are used to train and test the deep 

learning model for detecting humans in search 

and rescue scenarios. The dataset includes 

images in standard formats such as JPG, PNG, 

and BMP, with varying resolutions and 

environmental conditions. 
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The images represent different real-world 

scenarios, including urban areas, open fields, 

and partially occluded environments where 

humans may appear small or difficult to detect. 

Each image in the dataset is annotated with 

bounding boxes that indicate the location of 

human subjects. The annotations are stored in 

YOLO format, where each label file contains 

class information and normalized bounding box 

coordinates. 

For this project, a single class labeled “Person” 
is used, as the primary objective is to detect 

human presence. The dataset is divided into 

three subsets: training, validation, and testing. 

The training set is used to train the YOLOv8 

model, the validation set is used to monitor 

performance during training, and the test set is 

used to evaluate the final model. 

A sample input image consists of an aerial view 

containing one or more persons, while the 

corresponding output is an annotated image 

with bounding boxes drawn around detected 

individuals along with confidence scores. The 

dataset plays a crucial role in determining the 

accuracy and reliability of the detection system. 

 

Fig 2: Sample Data 

5. IMPLEMENTATION & RESULTS 

5.1 EXPLANATION OF KEY FUNCTIONS 

The implementation of the human detection 

system is based on several key functions that 

handle different stages of the workflow, 

including image selection, model loading, 

prediction, and result display. 

1. Model Loading 

The YOLOv8 model is loaded using a 

pretrained weight file (best.pt). This model is 

trained on a custom dataset to detect human 

objects in aerial images. 

Purpose: 

To initialize the trained model so that it can be 

used for performing object detection. 

2. pick_image() Function 

This function is responsible for selecting an 

input image from the system using a file dialog 

interface. 

Functionality: 

• Opens a file selection window  

• Allows the user to choose an image file  

• Returns the selected image path  

Purpose: 

To provide a user-friendly way of selecting 

images for detection. 

3. run_prediction_loop() Function 

This is the main function of the system that 

controls the prediction process. 

Functionality: 

• Continuously prompts the user to select 

an image  

• Passes the selected image to the YOLO 

model  

• Displays the output image with 

bounding boxes  

• Prints detected object details such as 

class and confidence  

• Allows the user to repeat the process or 

exit  

Purpose: 

To manage the complete detection 

workflow in a loop. 

 4. Detection Process (model(img_path)) 

The detection is performed by passing the input 

image to the YOLOv8 model. 

Functionality: 

• Processes the input image  

• Detects human objects  

• Generates bounding boxes and 

confidence scores  

Purpose: 

To identify human presence in aerial 

images. 

5. Result Visualization 
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The detected results are visualized using 

Matplotlib. 

Functionality: 

• Displays the annotated image with 

bounding boxes  

• Hides axis for better visualization  

Purpose: 

To provide a clear visual representation 

of detection results. 

6. Detection Output Processing 

The system extracts detection details 

from the model output. 

Functionality: 

• Retrieves class label  

• Retrieves confidence score  

• Retrieves bounding box coordinates  

• Displays detection information in the 

console  

Purpose: 

To present detailed detection results to 

the user. 

7. Dataset Configuration (data.yaml) 

A configuration file is created to define 

dataset structure and class labels. 

Functionality: 

• Specifies paths for training, validation, 

and testing datasets  

• Defines class name (“Person”)  
Purpose: 

To provide necessary information for 

training the YOLO model. 

8. Model Training (model.train()) 

The training function is used to train 

the YOLOv8 model on the custom 

dataset. 

Functionality: 

• Uses transfer learning with pretrained 

weights  

• Trains the model for a specified 

number of epochs  

• Saves the trained model  

Purpose: 

To create a model capable of detecting 

humans in aerial images. 

5.2 METHOD OF IMPLEMENTATION 

The implementation of this project is carried 

out in a step-by-step manner to ensure smooth 

execution of the human detection system. The 

overall process begins with preparing the 

dataset, followed by training the model, and 

finally performing detection on input images. 

Initially, a dataset of aerial images is collected 

and organized into training, validation, and 

testing folders. Each image is annotated with 

bounding boxes that indicate the location of 

human subjects. A configuration file 

(data.yaml) is then created to define the dataset 

structure and class labels, which in this case is 

“Person”. 

Next, the YOLOv8 model is trained using 

transfer learning. A pretrained model is used as 

the base, and it is fine-tuned on the custom 

dataset to improve its ability to detect humans 

in aerial images. Training parameters such as 

the number of epochs, batch size, and image 

size are set to optimize the learning process. 

Once training is completed, the model 

generates a weight file (best.pt) that is used for 

prediction. 

In the prediction phase, the system allows the 

user to select an image through a file dialog 

interface. The selected image is passed to the 

trained model, which processes it and identifies 

human objects. The model outputs bounding 

boxes around detected individuals along with 

confidence scores indicating the accuracy of 

detection. 

The results are then displayed visually using an 

annotated image, where detected humans are 

highlighted. In addition, detection details such 

as class labels and confidence values are printed 

for better understanding. The system also 

provides an option to process multiple images 

in a loop, allowing the user to perform repeated 

detections easily. 

Overall, the implementation follows a simple 

and user-friendly approach, integrating deep 

learning techniques with an interactive 

interface to achieve efficient human detection 

in aerial images. 
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5.2.1 FORMS 

The system includes user interface forms that 

allow users to interact with the human detection 

application in a simple and intuitive way. These 

forms are designed to guide the user through the 

process of uploading images, running detection, 

and viewing results. 

The main form is the Home Page, which 

provides an overview of the system. It 

introduces the application as an AI-based aerial 

human detection system and includes options 

such as starting the analysis or viewing system 

capabilities. This form helps the user 

understand the purpose and workflow of the 

system. 

 

Fig:5.2.1.1 Home Page 

The second form is the Image Upload Form, 

where the user can select or upload an image for 

analysis. This form supports multiple image 

formats such as JPG, PNG, and BMP. It also 

provides instructions to the user, such as using 

high-resolution images for better detection 

accuracy. The interface may include features 

like drag-and-drop or file browsing for ease of 

use. 

 

Fig:6.2.1.2  Image Upload Form 

The third form is the Detection and Results 

Form, where the output of the system is 

displayed. After the user uploads an image and 

runs the detection process, the system displays 

the annotated image with bounding boxes 

around detected humans. It also shows 

additional details such as confidence scores and 

the number of detected persons. This form 

provides clear visual feedback to the user. 

 

Fig:6.2.1.3 Detection and Results Form 

 Overall, the forms are designed to ensure a 

smooth and user-friendly experience, allowing 

users to perform human detection efficiently 

without requiring technical knowledge. 

5.2.2 OUTPUT SCREENS 

The output screens of the system represent the 

actual results generated by the human detection 

model. Unlike the user interface forms, which 

focus on user interaction, this section highlights 

how the system processes input images and 

produces detection results. 

Initially, an aerial image is provided as input to 

the system. This image may contain one or 

more human subjects captured from a top-down 

perspective. The input image is then processed 

by the trained YOLOv8 model, which analyzes 

the image and identifies regions where humans 

are present. 
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Fig:5.2.2.1. aerial image is provided as input  

The output is displayed in the form of an 

annotated image, where detected humans are 

highlighted using bounding boxes. Each 

bounding box corresponds to a detected 

individual and is associated with a confidence 

score that indicates the accuracy of the 

prediction. These visual results make it easier to 

understand how the model performs on 

different images. 

 

Fig:5.2.2.2. annotated image 

In addition to the visual output, the system also 

generates textual information in the console. 

This includes details such as class labels, 

confidence values, and bounding box 

coordinates for each detected object. These 

outputs provide deeper insight into the 

detection process and help in evaluating the 

performance of the model. 

 

Fig:5.2.2.3. confidence score of output 

The system can be tested on multiple images to 

observe its behavior under different conditions, 

such as varying image quality, lighting, and 

background complexity. The output screens 

demonstrate that the system is capable of 

detecting humans in aerial images with 

reasonable accuracy. 

5.2.3 RESULTS ANALYSIS 

The results obtained from the human detection 

system show that the model is able to detect 

human presence in aerial images with 

satisfactory performance. The YOLOv8 model 

successfully identifies individuals and 

highlights them using bounding boxes along 

with confidence scores. 

The system was tested on multiple aerial 

images under different conditions such as 

varying image quality, background complexity, 

and number of people. The model performed 

well in clear images where humans are visible 

and distinct from the background. However, the 

performance decreased in cases where humans 

appeared very small, partially occluded, or in 

cluttered environments. 

Comparison of Results 

The following table shows the comparison 

between actual number of persons and detected 

persons:                       

International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04, April, 2026

ISSN:2250-3676 www.ijesat.com Page 3182 of 3185



 

 Table 5.2.3.1: Comparison of Result 

Confidence Score Analysis 

The confidence score indicates how sure the 

model is about its predictions. Higher values 

represent more reliable detections. 

Detection Confidence Score 

Person 1 0.78 

Person 2 0.65 

Person 3 0.82 

 

Table 5.2.3.2: Confidence Score Analysis 

Input vs Output Comparison 

 

Fig:5.2.3.1. input and output  

The above images show the comparison 

between input and output. The input image is 

the original aerial image, while the output 

image contains bounding boxes around 

detected humans. This demonstrates how the 

model processes the image and identifies 

human objects. 

Observations 

• The system performs well on clear and 

high-resolution images  

• Detection accuracy decreases when 

humans appear very small or far away  

• The model may miss detections in 

crowded or complex backgrounds  

• Confidence scores help in identifying 

reliable predictions  

Overall Analysis 

The results indicate that the proposed system is 

effective for detecting humans in aerial images. 

While the model provides good accuracy in 

most cases, its performance depends on image 

quality and dataset diversity. With further 

improvements such as increasing training data 

and tuning parameters, the system can achieve 

better accuracy and reliability. 

6. CONCLUSION 

This project presents a deep learning-based 

approach for human detection in aerial images 

using the YOLOv8 algorithm. The main 

objective of the system is to assist in search and 

rescue operations by automatically identifying 

human presence in aerial views. 

The system was successfully implemented by 

preparing a custom dataset, training the 

YOLOv8 model using transfer learning, and 

developing a prediction interface that allows 

users to upload images and view detection 

results. The model is capable of detecting 

humans and generating bounding boxes along 

with confidence scores, making it easier to 

analyze aerial imagery. 

During testing and validation, the system 

demonstrated satisfactory performance in 

detecting humans under normal conditions. It 

performed well in clear images with visible 

subjects and was able to identify multiple 

individuals in a single frame. However, certain 

limitations were observed, such as reduced 

accuracy in detecting very small or partially 
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occluded humans and challenges in complex 

backgrounds. 

Overall, the project highlights the effectiveness 

of deep learning techniques in automating 

human detection tasks. It shows how computer 

vision can be applied in real-world scenarios 

such as disaster management and search and 

rescue operations. Although the system has 

some limitations, it provides a strong 

foundation for further improvements and 

enhancements. 
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