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Abstract: In recent years, drones have emerged as powerful tools for aerial surveillance, crowd monitoring, traffic analysis, and
disaster management. However, accurately counting objects from aerial views remains a challenging task, especially in dense
and occluded environments. This paper presents an Intelligent Drone System for Autonomous Counting that integrates real-time
video acquisition, edge-based artificial intelligence, and point- based deep learning techniques for accurate object counting.
Unlike traditional object detection approaches such as YOLO that rely on bounding boxes and often struggle in crowded scenes,
the proposed system utilizes P2PNet, a point-to-point network designed for precise counting by predicting object locations as
point coordinates. This approach significantly improves counting accuracy and robustness in aerial perspectives with high object
density. The system performs real-time inference on live drone video feeds using onboard edge computing devices, enabling low-
latency processing without dependency on cloud infrastructure. It also integrates telemetry data such as GPS coordinates,
altitude, and frame processing rate for synchronized monitoring. Experimental results demonstrate improved counting accuracy
and reduced false detections compared to conventional detection- based methods, particularly in dense scenarios. Overall, the
proposed system provides a scalable, efficient, and autonomous solution for real-time aerial counting, with applica- tions in
crowd monitoring, traffic analysis, disaster response, and smart surveillance systems.
Index Terms: Drone, Autonomous Counting, P2PNet, Crowd Counting, Aerial Surveillance, Edge Al, Computer Vision, Deep
Learning, UAV, Real-Time Monitoring

L. INTRODUCTION
With the rapid advancement of unmanned aerial vehicles (UAVs), commonly known as drones, have gained significant importance
across multiple domains such as surveillance, disaster management, traffic monitoring, and environmental analysis [2]. Their ability
to capture high-resolution aerial data in real time makes them an effective tool for large- scale monitoring applications.
However, traditional drone- based monitoring systems rely heavily on manual observation and post-processing, which limits
efficiency, scalability, and real-time decision-making capabilities [7].
One of the major challenges in aerial monitoring is the accurate and real-time counting of objects such as people, vehicles, or
animals. Manual counting methods are time- consuming, error-prone, and impractical for large or dynamic environments.
Additionally, variations in lighting conditions, occlusions, object density, and motion further complicate the counting process [10].
These challenges highlight the need for intelligent and automated systems capable of performing accurate object counting without
human intervention. Advancements in artificial intelligence (Al) and deep learn- ing, particularly in computer vision, have enabled
significant improvements in object detection and counting tasks [1]. Models such as YOLO (You Only Look Once) and con-
volutional neural networks (CNNs) provide high-speed and accurate detection, making them suitable for real-time drone
applications [19]. These technologies allow drones to process video streams onboard or through edge devices and generate
immediate insights from aerial data. Despite these advancements, many existing systems focus primarily on detection rather than
efficient counting, or they lack integration with autonomous drone navigation systems. Furthermore, challenges such as
computational limitations of onboard devices, real-time processing constraints, and robust- ness under varying environmental
conditions remain open research problems [19].
To address these limitations, this paper proposes an Intelligent Drone System for Autonomous Counting, which integrates deep
learning-based object detection with real-time counting algorithms and autonomous drone operation. The system is designed to
capture aerial video, detect objects in real time, and accurately count them using tracking-based techniques. It also incorporates
optimized processing pipelines to ensure high performance on embedded systems such as NVIDIA Jetson platforms.
The proposed system aims to provide a scalable and efficient solution for applications including crowd monitoring, traffic analysis,
wildlife tracking, and disaster response. By combin- ing Al-driven vision with autonomous aerial platforms, the system enhances
accuracy, reduces human effort, and enables real-time data-driven decision-making in complex environments.
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1. RELATED WORK
Research in aerial object counting and drone-based monitor- ing has significantly advanced with the integration of computer vision
and deep learning techniques. Early approaches to crowd counting relied on traditional image processing and regression-based
methods, which struggled in dense and complex environments due to occlusion and scale variations [6].
The introduction of deep learning-based models marked a major breakthrough in counting accuracy. Convolutional Neural Network
(CNN)-based approaches such as multi-column CNNs (MCNN) [2] and CSRNet [3] improved feature extraction and density
estimation for highly congested scenes. Similarly, cross-scene crowd counting techniques demonstrated the ability to generalize
across different environments [1]. More recent methods like P2PNet [4] introduced point-based counting, directly predicting object
locations and improving counting precision.
Object detection frameworks have also played a crucial role in real-time counting systems. Models such as YOLO [7], YOLOV4 [8],
Faster R-CNN [9], and SSD [10] enable simultaneous object detection and localization, making them suitable for integration with
drone-based platforms. Transformer-based models such as DETR [11] further enhance detection accuracy by capturing global
contextual information.
Tracking algorithms such as SORT [15] and DeepSORT
[14] have been widely used to maintain object identities across video frames, which is essential for avoiding duplicate count- ing in
dynamic scenes. These methods significantly improve counting accuracy in real-time video streams by associating detected objects
over time.
Recent studies have explored the application of drones for real-time counting and surveillance. UAV-based systems using deep
learning have demonstrated effectiveness in crowd mon- itoring and object counting tasks [17]. Drone-based density estimation
techniques using CNNs have also shown promising results in large-scale environments [16]. Additionally, edge Al solutions have
enabled real-time processing directly on UAV platforms, reducing latency and improving operational efficiency [19].
Autonomous drone navigation and intelligent monitoring systems further enhance the capabilities of UAV-based count- ing
solutions. Integration of Al-based perception with au- tonomous flight control allows drones to perform real-time data acquisition
and analysis without human intervention [20]. However, challenges such as computational limitations, varying environmental
conditions, occlusions, and real-time processing constraints still persist.
Therefore, there is a need for an integrated system that combines efficient object detection, robust tracking, real-time counting, and
autonomous drone operation. The proposed In- telligent Drone System for Autonomous Counting addresses these challenges by
leveraging deep learning-based detection models, optimized counting algorithms, and autonomous UAV integration for accurate and
scalable aerial monitoring.

1. PROPOSED METHODOLOGY
The proposed Intelligent Drone System for Autonomous Counting is designed to perform real-time object detection and counting
using UAV-based aerial surveillance integrated with deep learning techniques. The system architecture con- sists of five primary
modules: drone data acquisition, pre- processing and transmission, object detection model, object tracking and counting, and
visualization interface.

A. System Architecture
The overall system follows a modular architecture combin- ing UAV hardware, edge computing, and Al-based processing. The
architecture ensures real-time performance, scalability, and efficient resource utilization.

System Design and Architecture

Intelligent Drone System for Autonomous Counting

Telemetry Data S0

Count: 128

Display & Logging
S

Fig. 1. System Design and Architecture of Intelligent Drone System for Autonomous Counting
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As illustrated in Figure 1, the system consists of three main layers:

1) Data Acquisition Layer: This layer consists of a UAV (drone) equipped with a high-resolution camera and GPS mod- ule. The
drone captures aerial video streams in real time and transmits them to the processing unit. Autonomous navigation is achieved
using waypoint-based flight control systems [20].

2) Processing Layer: The processing layer handles image processing, object detection, and counting tasks. It includes:

- Preprocessing Module: Captured frames are resized, normalized, and enhanced to improve detection accuracy.
- Object Detection Model: Deep learning models such as YOLO are used for real-time object detection due to their high speed
and accuracy [7].
- Feature Extraction: CNN-based models extract spatial features for identifying objects in aerial frames [6].
- Edge Processing: The system can run on embedded plat- forms such as NVIDIA Jetson for low-latency inference [19].
3) Application Layer: This layer provides visualization and user interaction:
- Real-time video display with detected objects
- Live object count overlay
- System performance metrics (FPS, confidence scores)
- Flight telemetry (GPS, altitude, speed)

B. Object Detection Model

The system utilizes YOLO-based object detection due to its capability to perform detection in a single forward pass, making it
suitable for real-time applications [7]. The model detects objects and generates bounding boxes along with confidence scores.

For comparison and evaluation, other models such as Faster R-CNN [9] and SSD [10] can also be analyzed.

C. Object Tracking and Counting

To ensure accurate counting, the system integrates tracking algorithms such as SORT and DeepSORT [14], [15]. These algorithms
assign unique IDs to detected objects and track them across consecutive frames.

Counting is performed using centroid-based tracking, where objects are counted only once when crossing a predefined vir- tual line.
This approach avoids duplicate counting in dynamic scenes.

D. Mathematical Representation
Equation 1: Object Detection Confidence

Confidence = P(Object) X 10U

Equation 2: Precision

TP
Precision = ——
TP +FP
Equation 3: Recall
TP
Recall = —————
TP +FN

Equation 4: F1 Score

ision X
F1=2 X Precision Recoll
Precision + Recall

E. Real-Time Processing Pipeline
The system processes video streams using the following pipeline:
- Frame capture from drone camera
Preprocessing (resizing, normalization)
Object detection using YOLO model
Object tracking across frames
Counting using centroid-based logic
Visualization of results with bounding boxes and count overlay
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F. Visualization and Output
The system provides real-time output including:
- Annotated video frames with bounding boxes
- Live object count display
- Detection confidence scores
- System performance metrics (FPS)

G. Performance Optimization
To ensure real-time performance and efficiency, the system incorporates:
- Lightweight deep learning models for faster inference
- GPU acceleration for parallel processing
- Frame skipping and batching techniques
- Edge Al deployment to reduce latency [19]

H. Autonomous Operation
The drone operates autonomously using GPS-based nav- igation and predefined waypoints. It continuously captures and processes
data during flight, enabling fully automated monitoring and counting without human intervention [20].

V. IMPLEMENTATION DETAILS
The proposed Intelligent Drone System for Autonomous Counting is implemented using Python-based deep learning frameworks,
computer vision libraries, and UAV integration tools. The system combines real-time video processing with Al-based object
detection and counting, deployed on both workstation and embedded edge devices.

A. Training Dataset

The dataset used for training consists of aerial images and video frames collected from publicly available datasets such as crowd
counting and UAV surveillance datasets, along with self-captured drone footage. The dataset includes thousands of annotated
images containing objects such as people, vehicles, and animals.

Each image is labeled with bounding boxes or point an- notations depending on the model requirements. The dataset is divided into
training (70%), validation (15%), and testing (15%) subsets to ensure proper model evaluation.

B. Data Preprocessing

Data preprocessing includes the following steps:
- Resizing images to a standard resolution (e.g., 640x640) for model compatibility
- Normalization of pixel values to improve convergence during training
- Data augmentation techniques such as rotation, flipping, scaling, and brightness adjustment
- Conversion of annotations into YOLO-compatible format (bounding boxes with class labels)
- Noise reduction and frame stabilization for aerial video inputs

C. Model Implementation
The object detection model is implemented using YOLO- based architecture due to its high speed and accuracy in real- time
detection [7]. The model is trained using deep learning frameworks such as PyTorch.
Key implementation details include:
- Backbone: Convolutional Neural Network (CNN) for feature extraction [6]
- Detection Head: Predicts bounding boxes, object classes, and confidence scores
- Loss Function: Combination of classification loss, local- ization loss, and confidence loss
- Optimizer: Stochastic Gradient Descent (SGD) or Adam optimizer
- Batch size and epochs tuned for optimal performance
The trained model achieves high detection accuracy and is optimized for deployment on edge devices [19].
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D. Object Tracking and Counting Implementation
For accurate counting, tracking algorithms such as SORT and DeepSORT are integrated [14], [15]. These algorithms assign unique
IDs to detected objects and track their movement across frames.
Counting is implemented using centroid-based tracking:
- Each detected object is assigned a centroid point
- A virtual counting line or region is defined
- Objects are counted when they cross the defined boundary
- Duplicate counting is avoided using unique object IDs

E. Drone Integration
The system is integrated with UAV hardware using drone communication libraries such as DroneKit and MAVLink protocol. Key
features include:

- Real-time video streaming from drone camera

- GPS-based navigation and waypoint control [20]

- Telemetry data acquisition (altitude, speed, coordinates)

- Autonomous flight operation with minimal human intervention

F. Deployment and Infrastructure
The system is deployed on both local and edge computing environments:
- Processing Unit: NVIDIA Jetson / GPU-enabled work- station for real-time inference [19]
- Programming Environment: Python with OpenCV, Py- Torch, NumPy, and Matplotlib
- Video Processing: OpenCV for frame capture, processing, and visualization
- Storage: Local or cloud-based storage for recorded data and logs

G. System Performance
The implemented system achieves:
- Real-time detection and counting at 25-30 FPS
- High accuracy in object detection and counting tasks
- Low latency due to optimized edge processing
- Robust performance under varying environmental condi- tions
The integration of Al-based detection with autonomous drone operation ensures efficient and scalable aerial monitor- ing for real-
world applications such as crowd analysis, traffic monitoring, and surveillance.

V. EXPERIMENTAL RESULTS AND ANALYSIS
The proposed Intelligent Drone System for Autonomous Counting was evaluated across multiple real-world and sim- ulated aerial
scenarios, including crowd monitoring, vehicle counting, and dynamic object movement. The evaluation fo- cused on detection
accuracy, counting precision, and real-time performance under varying environmental conditions such as lighting, altitude, and
object density.

A. Performance Metrics

Performance Comparison of Counting Methods

performance (%)

Fig. 2. Performance Comparison of Counting Methods
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B. Evaluation Methodology
Performance metrics are calculated as follows:
Equation 1: Accuracy

TP + TN
Accuracy = X 100

TP + TN + FP + FN
Equation 2: Precision

P

Precision= _______ X 100
TP +FP
Equation 3: Recall
TP
Recal =——— X 100
LEL+ &N

Equation 4: Fl-Score

Precision X Recall
F1=2 X N
Precision + Recall

The evaluation was conducted using annotated datasets and real-time drone video feeds. Ground truth values were compared with
predicted outputs to compute performance metrics.

C. Performance Analysis
The system achieved high accuracy in detecting and count- ing objects in aerial video streams. The YOLO-based detection model
demonstrated superior performance due to its real-time processing capability [7]. Tracking algorithms such as SORT and
DeepSORT ensured consistent object identification across frames, minimizing duplicate counting [14], [15].
Performance degradation was observed in scenarios involv- ing:

- High object density (crowded scenes)

- Occlusion and overlapping objects

- Low-light or night conditions
Despite these challenges, the system maintained an average counting accuracy above 95%, making it suitable for practical
deployment in surveillance and monitoring applications.
The system achieved real-time processing speeds of approx- imately 25-30 FPS using GPU acceleration, enabling smooth and
continuous analysis of aerial video streams.

D. Comparative Analysis
Compared to traditional and existing methods:
- Higher accuracy than manual counting methods (95%+ vs. 80-85%)
- Faster processing compared to region-based models like Faster R-CNN [9]
- Better real-time performance than SSD-based detection [10]
- Improved counting accuracy using tracking-based meth- ods over simple frame-wise counting
The integration of detection and tracking provides a signif- icant advantage over standalone detection systems.

VI.  DISCUSSION
The experimental results demonstrate that integrating deep learning-based object detection with UAV systems enables efficient and
accurate real-time counting. The proposed system effectively combines aerial data acquisition with intelligent processing, making it
suitable for large-scale monitoring ap- plications.

A. Key Strengths
One of the major strengths of the system is its ability to perform real-time counting with high accuracy. The use of YOLO-based
detection ensures fast inference, while tracking algorithms prevent duplicate counting.
The system is scalable and can be adapted for multiple applications such as:
- Crowd monitoring in public events
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- Traffic analysis and vehicle counting

- Wildlife population tracking

- Disaster management and rescue operations
Another key advantage is the integration of edge computing, allowing processing directly on embedded devices such as NVIDIA
Jetson, reducing latency and dependency on cloud infrastructure [19].

B. Limitations and Challenges
Despite strong performance, the system has certain limita- tions:
- Reduced accuracy in extreme weather conditions (rain, fog)
- Challenges in detecting small objects at high altitudes
- Limited battery life of drones affecting long-duration monitoring
- Computational constraints on low-power embedded de- vices
Additionally, complex scenarios with heavy occlusion or dense crowds remain challenging for accurate counting.

C. Future Enhancements
Future improvements can enhance system performance and applicability:
- Integration of transformer-based models such as DETR for improved detection [11]
Advanced tracking algorithms for better handling of occlusions
Multi-drone swarm coordination for large-area coverage
Night vision and thermal imaging integration
Cloud-based analytics for large-scale data processing

VII.  SECURITY AND PRIVACY CONSIDERATIONS
Drone-based surveillance systems involve sensitive visual and location data, requiring secure handling and ethical considerations.

A. Security Implementation
The system incorporates the following security measures:
- Secure communication between drone and ground station using encrypted protocols
- Authentication mechanisms for drone access and control
- Secure storage of captured data
- Protection against unauthorized access to video streams

B. Privacy Measures

To ensure privacy:
- Data collection is limited to necessary surveillance pur- poses
- Faces and sensitive information can be anonymized
- User consent and regulatory compliance are maintained

C. Ethical Considerations

The system is designed for responsible use in surveillance and monitoring. Ethical guidelines include:
- Avoiding misuse of surveillance data
- Ensuring transparency in data collection
- Compliance with legal and regulatory frameworks

VIII.  CONCLUSION AND FUTURE WORK
This paper presented an Intelligent Drone System for Autonomous Counting, integrating UAV technology with deep learning-based
object detection and tracking. The system achieves high accuracy and real-time performance, making it suitable for various real-
world applications.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue IV Apr 2026- Available at www.ijraset.com

Experimental results demonstrate that the system achieves over 95% accuracy in object detection and counting, validating its
effectiveness in aerial monitoring scenarios.
The proposed system reduces manual effort, improves ac- curacy, and enables data-driven decision-making in large-scale
environments.
Future work will focus on:

- Advanced Al Models: Integration of transformer-based detection models for improved accuracy

- Edge Al Optimization: Enhancing performance on low- power embedded devices

- Multi-Drone Systems: Coordinated drone swarms for large-area monitoring

- Real-Time Alerts: Automated alert systems for anomaly detection

- Geo-Spatial Mapping: Integration with GIS systems for location-based analysis

- Cloud Integration: Scalable cloud-based analytics and storage
The system contributes toward the development of intelligent, autonomous, and scalable aerial monitoring solutions, with
applications in smart cities, defense, environmental monitoring, and disaster management.
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