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Abstract- Technological advancements in Al and satellite imaging encourage continuous monitoring on a
massive scale. This paper describes a remote military aircraft counting and detection system from satellite images
based on “deep learning. For detection in still images and video streams, the system uses the YOLOv8 model.
This model uses advanced learning to differentiate between military aircraft and surrounding objects based on
their distinct shapes and patterns. This paper uses Flask to design a web interface with user authentication, image
upload, and detection based on video streams. The system uses different image preprocessing techniques to boost
the quality of images and detection. The system draws bounding boxes and counts aircraft in real time. The system
uses a webcam for constant monitoring. The proposed system has a high level of efficiency, reliability, and
scalability. The interactive user interface makes the system’s proposed solution more usable and accessible. The
proposed system is suitable for defense surveillance, border monitoring, and strategic intelligence systems.
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I. Introduction

Modern surveillance and monitoring systems benefit from advanced satellite imaging and Artificial Intelligence
(AI) technologies. Satellite systems provide high-resolution data to analyze large spatial extents, and deep learning
analyzes large and complex images [13], [17]. One of the main applications is the detection and tracking of
military aircraft, which adds value to the defense and security domains. Previous methods of surveillance were
more labor intensive due to the need for human analysis and were limited to the more traditional methods of
feature extraction such as SIFT and HOG. These were computationally intensive and less scalable [14], [18].

The introduction of deep learning and detection frameworks such as YOLO, has brought about automated and
more efficient systems that are capable of real-time detection and tracking with significantly less computational
requirements [1], [2]. One of the more recent advancements, YOLOVS, is even more powerful for the same
applications, with the added benefit of more robust system design and faster detection [5]. This paper proposes
the use of YOLOVS to build a system that is capable of the detection and counting of military aircraft in satellite
images. This system includes a real-time image and video processing web application built with Flask. It uses
image preprocessing methods to enhance the clarity of images and improve detection. The system displays
bounding box overlays with confidence scores and counts of detected objects to provide a comprehensive solution
to automated surveillance [6].

II. Literature Review

Object detection has come a long way from methods that required designing features to utilizing
sophisticated deep learning models. Approaches such as Viola—Jones and RANSAC relied on features designed
by a human, and had low performance in detection in more challenging scenarios [19], [20]. Detection methods
that utilize machine learning rely on patterns that can be detected in data that a machine learns from, and have
shown great performance. Convolutional Neural Networks (CNN) take it a step further by learning features from
data with high performance and accuracy [12], [13]. Region based detection methods such as R-CNN, Fast R-
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CNN, and Faster R-CNN increased performance in detection, but at a high computational cost [6], [7]. Real-time
detection was made possible with the development of the Single Shot Detector (SSD) method. This method was
built upon the YOLO (You Only Look Once) architecture, with subsequent improvements YOLOv4, YOLOvVS,
and YOLOvS [1], [3]-[5]

Deep learning for object detection and its subsequent classification continues to dominate the field in
remote sensing applications [22], [23]. Some recent papers have shown that architectures based on CNN has
proven to be successful in detecting aircraft in satellite images that are taken in difficult environments [26], [30].
Some issues that are still relevant in the field are high computational” cost, detecting small objects, and difficulties
in the deployment of a web service that operates in real-time.

Table 1: Summary of Object Detection Techniques

Technique | Application | Key
Method/Model
ctho 2% Used Area Findings
Feature- . Limited
.. Basic
Traditional based Obiect accuracy
Methods (SIFT, Deiection and
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R-CNN Family | based Object slow Y
CNN Detection )
processing
Single- . Fast and
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. Detection .
Detection detection
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YOLOvVS Deep . speed and
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Remote CNN- Satellite aircraft
Sensing based Image detection in
Models Detection | Analysis complex
backgrounds

II1. Existing System

Current aircraft detection systems depend on human interpretation and older image processing methods.
Feature extraction relied on edge detection and variations of the SIFT and HOG algorithms. While these “methods
can only handle simpler image processing tasks, detection on large satellite images and sophisticated backgrounds
is beyond their capability. With the advent of machine learning, newer region-based deep learning models such
as R-CNN, Fast R-CNN, and Faster R-CNN can learn features at different levels of hierarchy for better accuracy.
The tradeoff, however, is that they are highly resource demanding and cannot perform in real time.

YOLO and derivatives are single-stage detectors that perform detection in one single pass, thus
improving speed. The tradeoff with speed for earlier versions of YOLO, however, meant poorer performance in
detection of small and sparsely populated satellite images. In addition to the above shortcomings, existing systems
also largely lack real time capability, the ability to scale depending on demand, and user-centric designs that limit
their defense application use.
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Table 2:Existing Aircraft Detection Approaches
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Iv. Proposed Methodology

An intelligent detection framework has been developed based on YOLOVS to detect, count and analyze
the presence of military aircraft in satellite images and video streams in real time. This system innovates deep
learning based object detection in order to find the sweet spot with respect to detection speed and accuracy. To

this end, the system has been developed into an easily deployable and user-centric web application based on Flask

to allow real time detection on user upload images. The system has been designed with the necessary image

preprocessing and quality enhancement modules in order to ensure optimal detection performance. The system is

also designed to count the detected aircraft automatically to cater to the surveillance and monitoring use cases.

The benefits of modular design include scalability, expeditious processing, and ability to easily integrate
with other systems. Our approach allows us to address existing system deficiencies and offers improved detection,

faster processing, and better usability in the real world.

4.1 Mathematical Model

1. Input Representation
The input image is represented as a matrix:

[ e RHEXWxC

Where:
. H = Height, W = Width, C = Channels

2. Feature Extraction (CNN Layers)
Deep learning extracts features using convolution:

F=I+«+K+5b

Where:
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. K = Kernel (filter),
. b = Bias

3. Bounding Box Prediction
Each object is represented by:

B = (z,y,w,h,c)

Where:

. (x,y) = Center coordinates
. w,h = Width and height

. ¢ = Confidence score

4. Confidence Score Calculation
¢ = P(object) x IoU
5. Intersection over Union (IoU)

J-].TEG(BPTH.;E M Btruﬁ}

Toll =
A.']‘"E,’G(Bprgd L Btrué:}

6. Aircraft Counting

TL

Count = Z 1(c; = 60)

i=1

Where:
. 0 = Threshold value
. n = Number of detected objects

4.2 Step-wise Process

1. Input satellite image or video stream

2. Apply preprocessing techniques

3. Extract features using deep learning model

4. Detect aircraft using YOLOVS

5. Draw bounding boxes and assign confidence scores

6. Count detected aircraft

7. Display results through web interface

Table 3: Proposed System Components

Component ;chz(;}cllnique Function Outcome
Input Module inmpatgte/Video izcreclljatlia Raw data
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. I I
Preprocessing rmage mprloves Clean data
Enhancement | quality
Detection Detects Bounding
Model YOLOVE aircraft boxes
Counting . Counts Aircraft
Threshold
Module resioicing objects count
Web Flask Displays User '
Interface results interaction

IV. System Architecture

The proposed system architecture detects and counts military aircraft from satellite images using Deep
Learning. This modular design enables the system to perform each necessary task with focus on accuracy,
scalability, and speed. The entire system consists six modules starting with the input from the user and ending
with the display of results.

Fig 1: System Architecture of Military Aircraft Using Satellite Imagery
5.1 User Input Module

Beginning with the user input module, satellite images may be uploaded, or users may initiate live stream
video through a webcam. This module serves as the primary input and handles both static and dynamic image
processing.

5.2 Web Interface Module

The web interface uses the Flask framework to manage user requests and guide them over the various
web pages. This interface provides a backend and front end communication channel over which requests and
responses are transmitted.

5.3 Authentication Module

The authentication module offers controlled and secure access to the system by providing user
registration and login functionality. User accounts are created in an SQLite database, and to secure access, the
system uses password hashing.

5.4 Image/Video Processing Module

An OpenCV based image and video frame processing module is introduced. For the purpose of
improving image quality and aiding the detection operation, normalization and resizing, as well as format
conversion, are carried out as preprocessing operations. These are done to bring uniformity to the input data for
deep learning model.

5.5 Detection Module

The detection module uses the YOLOVS deep learning model for detecting military aircraft from satellite
images and video frames. For detected objects, this module draws bounding boxes, and assigns class labels and a
confidence score. This module provides accurate object detection in real time.
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5.6 Aircraft Counting and Result Display Module

This module counts all the visible aircraft based on the output from YOLOVS. Using the web interface,
users can see the output along with bounding boxes and confidence scores for each detected object.

5.7 Data Flow Description

This system operates on a typical sequential data flow. Information input by a user via the interface is
sent to the Flask server. After server-side validation, the information is processed visually using OpenCV, and the
YOLOv8 model is employed for object detection and counting. Detected objects are displayed on the interface in
an updated fashion. All incorporated modules are synchronized to achieve optimal system performance.

5.8 Summary

The main purpose of the proposed design and architecture is to achieve modularity and scalability of the
system while maintaining a high level” of efficiency. Based on the integration of web technologies, image
processing, and deep learning, the proposed system offers a solution for the detection and counting of military
aircraft in real time. The system is designed to be safe, accurate, and easy to use, which makes it appropriate for
real-world applications in surveillance and monitoring.

Vi. System Implementation

The system for the intelligent detection and counting of military aircraft uses deep learning and computer vision
and is built on web technologies. The implementation merges image processing and object detection with user
interface technologies to create a system that processes data and responds with great speed and accuracy in real
time.

6.1 Development Environment

The choice of Python for our system stems from its extensive libraries for machine learning and image
processing. The Ultralytics YOLOvS “framework was adopted for deep learning and efficient object detection.
Flask forms the basis of our web application for routing and operation management on the server side. Processing
of images and videos is done through OpenCV and SQLite was used for a lightweight, efficient, and secure
database management system.

6.2 Authentication Implementation

This system has a secure authentication system that allows for the registration and logging in of users.
An SQLite database is the repository for user details of the username, telephone number, and email. Hashing is
the method for the secure repository of passwords. Regular expressions serve to validate the input of email and
phone numbers and a session is created to keep the user logged in for the duration of the application.

6.3 Web Application Implementation

The architecture of the web application relies on the Flask routes for the various functionalities. The main
route allows for the navigation of the application, the signup and signin routes authenticate the user, the image
detection route allows for the upload of images, and the video detection route is for the upload of video streams.
The requests and response cycle of the HTTP is managed by Flask in a way that allows for seamless integration
of the front and back components of the application.

6.4 Image Processing Implementation

Users can upload satellite images captured from space. The web application will load the image and use
various computer vision techniques to read and reformat the image. Different preprocessing methods will be
applied to enhance detection accuracy, including resizing and color space normalization. The image is then sent
to the YOLOvV8 detection model for inference.

6.5 Video Processing Implementation

The web application can perform detection for moving objects, including aircraft, via input from a web
camera. OpenCV is used for image frame capture and real-time processing. Each frame is sent to the detection
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model and annotated results are updated in real time. A streaming method has been implemented to display
processed frames with bounding boxes and detection results.

6.6 Detection Model Implementation

The detection module has been built to identify aircraft in images and video using the YOLOv8 model.
The model draws bounding boxes for each detected object, assigns category labels, and scores each detection
based on confidence. Detections are filtered and tallied to show only detections related to aircraft. The model is
designed for efficient and accurate detection in real-time.

6.7 Aircraft Counting and Visualization

The web application displays the total number of detected aircraft based on the valid bounding boxes.
The detected aircraft in each image and video frame are represented with a bounding box and label. The total
count of aircraft detected is presented with the detection results. The web application is built to display processed
results in a user-friendly way.

6.8 Database Implementation

For storing user credentials and other related information, this implementation uses SQLite. It has
separate tables for user registration and user authentication. Data operations such as insertion, retrieval, and
validation are done using SQL statements within the Flask application.

6.9 System Integration

All modules are integrated to guarantee proper functioning of the system. Data is processed and flows
from the user input through the web interface and the authentication module, to the preprocessing stage and finally
to the detection model. The result is displayed in real-time. This design assures optimal processing and low latency
performance that is reliable for all components.

Vii. Experimental Results And Analysis

Intelligent detection and counting of military aircraft is performed using the YOLOvVS model with a Flask
application for web-based real-time detection and counting. The system is evaluated for both static satellite image
and real-time video stream inputs. The evaluation is based on detection accuracy, counting efficiency, the system’s
response time and overall system reliability.

The evaluation and analysis is based on a dataset that consists of images containing aircraft captured
under varying conditions, including different resolutions, lighting environments, and occlusion due to complex
backgrounds. The system is capable of processing each image and video frame and counting the total number of
captured aircraft. The evaluation shows that the system is capable of detection in real-time as well as in an offline
implementation.

7.1 Performance Metrics

System performance evaluation of the aircraft detection is based on the following metrics of object
detection:

. Accuracy: Correctness of the detection of an aircraft.

. Precision: The ratio of detected aircraft against the total number of detected objects.

. Recall: The system’s capability of detecting all instances of aircraft present in the image.
. F1-Score: Average of precision and recall.

. Processing Time: Time consumed to detect per image/frame.
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Table 4: Performance Evaluation of Proposed System

Metric Value (%) | Description

Overall detection

Accuracy 95%
correctness

Correct aircraft detection
rate

Precision 93%

Detection of  actual

Recall 92% .
aircraft

F1-Score 92.5% Balanced  performance
o measure

7.2 Detection Results Analysis

The system's detection capabilities of aircraft in images and video streams are successful. Detection of
aircraft is supported by drawn bounding boxes with a confidence score. An effective counting mechanism is
demonstrated by counting the number of aircraft in every frame for both static and real-time analysis.

Table 5: Sample Detection Results

Input Type Actual Detected | Accuracy
P P Count Count (%)

llite I

?ate ite Image 5 5 100%
llite I

Satellite Image 3 3 100%

2

Satellite Image 6 5 23%

3

Video Frame 1 | 4 4 100%

Video Frame 2 | 2 2 100%

7.3 Response Time Analysis
The system's real-time performance is analyzed by assessing the time taken to process each of the stages.

Table 6: System Response Time

A Ti
Operation verage “ime Observation
(ms)
I
mage . 25 ms Fast processing
Preprocessing
Effici
Model Prediction | 40 ms 101§nt
detection
C(.)untlng & 20 ms Minimal delay
Display
Total  Response Real-time
. 85 ms
Time capable
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7.4 Comparative Analysis

To assess advancements of the proposed system, intelligent detection and counting systems of military
aircraft in satellite images, the proposed system is analyzed against conventional methods and existing detection
systems.

Table 7: Comparison with Existing Systems

Parameter Traditional Proposed
Methods System
Moderate (70— .
Accuracy 80%) High (90%+)
Detection Speed | Slow Real-time
Scalability Limited High
Full
Automation Low nd
Automated

7.5 Output /Visualization Results

% Intelligent Detection and Counting of
Military Aircraft

Satellite Imagery Analysis using Advanced Arfificial Intelligence Algorithms

£l Sign In to Detection System

Fig2: Home Page of Military Aircraft Using Satellite Imagery

The system innovates the market by automating the monitoring of military airbases and sensitive
locations worldwide. It is based on advanced image processing and deep learning technology, offering rapid and
reliable analytic reports based on data that will enhance the efficiency of modern surveillance.

2 Intelligent Detection & Counting of Military Aircraft

Satelite Imagery Analysis using Advanced Deep Leaming Algorithms

Choose File | images (1) jpeg

Fig 3: Detection page

Upload a satellite image and let the system do the rest. It will detect and count military aircraft for you. Its
algorithms process the images in real time and provide instant surveillance of their positions and quantities.
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#- Detected Military Aircraft Count:2

s .

Fig 4: Results page

Show detection results of identified aircraft along with the total count. It processes the images of the
system along with the clear detection bounds. The results will help to make strategies based on accurate visual
intelligence.

VIII. Discussion

The proposed system brings a combination of both accuracy and efficiency in processing both satellite
and video stream data for the detection and counting of military aircraft. The use of YOLOvVS marks a serious
improvement for the system and detection over traditional and region-based systems. In addition, the system is
capable of processing data and successfully identifying military aircraft in varying levels of resolution, lighting,
and background complexity. The system performs well on both the precision and recall metrics. This shows the
system’s capability to identify military aircraft and to limit the number of false positives. The system was also
designed to meet the demands of a real-time processing system through optimization of both frame and model
processing. The system also meets the demands of real-time situational and operational control through a low
latency response time. The addition of a Flask-based web application has made the system user centric and the
former offers a simple and easy to understand interface. Users are also able to upload their own images for the
system to process, as well as stream video data in order for the system to process and display its findings. The
system also employed an authentication module to control access and secure the data processed by the system. In
spite of the successes of the system, detection for military aircraft in low resolution and small/partially occluded
forms is still a challenge. Additionally, detection in a real-time operational control system is influenced by the
hardware and the availability of a GPU.

The system is based on advancements in both military surveillance and defense and cloud and web
computing technologies. The system is also an advanced and effective system for both the counting and detection
of military aircraft. The system addresses the most pressing issues of previous systems designed for military
detection and counting. Overall, the system is a scalable, reliable, and efficient system for the automated detection
and counting of military aircraft.

IX. Conclusion

The research introduced an intelligent system utilizing satellite imagery and deep learning methods to detect and
count military aircraft. The solution proposed combines YOLOvVS and a web app built on Flask to provide near
real-time detection for both still images and video streams.

In the future, system improvements can be designed to enhance the detection with sophisticated deep
learning frameworks and highly diverse data sets. The system can be designed to detect more object types in
satellite imagery such as ground vehicles, naval vessels, and unmanned aerial systems. The system can also be
designed to provide intelligent real-time monitoring in cloud environments. Other system improvements can be
designed to provide intelligent real-time monitoring with the use of low-power and edge Al technologies. The use
of Al techniques can also be designed to incorporate real-time monitoring systems with the ability to make
automated decisions to enhance the surveillance system. The various future improvements will allow the system
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to become more intelligent and flexible” and allow the system to provide intelligent monitoring in a variety of
real-world situations.
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