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Abstract: A new method of disseminating knowledge is offered by the incorporation of unmanned aerial vehicles (UAVS), also
referred to as drones, into educational environments. This study examines the idea and possible use of Infodrone, an aerial
technology intended to send departmental announcements or instructional materials to schools on its own. Infodrones act as mobile
communication agents that convey critical messages to students in a timely and effective manner by transporting audio, video, or
written materials. This is especially useful in schools where traditional channels could be unreliable or delayed. Current drone
technologies, communication strategies, deployment procedures, and possible issues including privacy, noise, safety, and classroom
integration are all covered in the article.It also talks about how this method might improve student engagement, cut down on
communication lag, and encourage creativity in learning settings. The purpose of this survey is to demonstrate the viability and
revolutionary potential of infodrone-based information delivery systems in educational settings..

Index Terms - Unmanned Aerial Vehicles (UAVSs), Infodrone, Educational Technology, Information Dissemination, Mobile
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I.LINTRODUCTION

The rapid growth of unmanned aerial vehicles (UAVSs), commonly known as drones, has brought transformative applications across
various domains, including surveillance, delivery services, agriculture, infrastructure inspection, and smart city development.
However, the increased accessibility and versatility of drones also pose significant security and safety risks, particularly due to
unauthorized or malicious usage. This has triggered a growing demand for reliable drone detection, classification, and tracking
systems capable of operating in real-time and under diverse environmentalconditions\[1].

Traditional detection techniques based on radar, radio-frequency (RF), or acoustic signals are often challenged by the small size,
low altitude, and weak electromagnetic signatures of modern drones, making them difficult to detect using conventional systems
alone. In this context, deep learning has emerged as a powerful alternative, offering improved performance in complex scenarios
by automatically learning features from data without the need for manual engineering. CNN-based object detection frameworks,
such as YOLO (You Only Look Once), SSD, and Faster R-CNN, have shown superior capability in accurately identifying and
classifying drones from visual data in both still and video imagery \[1], \[2].

In addition to vision-based approaches, integrating multiple sensing modalities such as inertial measurement units (IMUs), GPS,
and visual sensors has proven effective in enhancing tracking accuracy and robustness, particularly under dynamic conditions. Such
fusion techniques help overcome the limitations of standalone visual tracking, especially in the presence of motion blur, lighting
variation, andocclusion \[3].

Advanced control systems also play a crucial role in specialized UAV operations. For instance, drones used for power line inspection
must operate near live electrical infrastructure, requiring high precision and immunity to electromagnetic interference. Discrete-
time control strategies, coupled with vision-based perception systems, have demonstrated successful deployment in semi-
autonomous UAVs that align and land on cables with minimal pilot input \[4].

Drone-based applications extend beyond surveillance and inspection into smart traffic monitoring systems, where UAVSs equipped
with deep learning models perform tasks such as vehicle detection, tracking, and flow estimation. These systems enable adaptive
traffic management and congestion detection in real time. However, challenges remain in processing high-resolution aerial videos
and handling small object sizes, varying viewpoints,and cluttered scenes\[5].

JETIRGX06105 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ 545


http://www.jetir.org/

© 2025 JETIR July 2025, Volume 12, Issue 7 www.jetir.org (ISSN-2349-5162)

II.LITERATURE REVIEW

Numerous uses in monitoring, inspection, and surveillance have been made possible by recent developments in drone technology.
But these advancements also bring up issues with illegal drone use, which calls for precise tracking, classification, and detection.
approach Detection and Classification Using Deep Learning: Using YOLOV3, Behera and Raj [1] introduced a CNN-based drone
identification system that exhibits good accuracy and real-time performance. They went over the development of contemporary
object detectors like R-CNN, Fast R-CNN, Faster R-CNN, SSD, and YOLO, pointing out that CNN-based models have performed
better than conventional image processing techniques because they can extract hierarchical features in difficult-to-reach situations
like occlusion and scale variation.

*Machine Learning Approaches to Drone Detection:*

Taha and Shoufan \[2] offered a comprehensive survey of drone detection and classification using machine learning across multiple
sensing modalities including radar, vision, acoustic, and RF signals. They emphasized the importance of feature engineering and
dataset diversity and noted that deep learning methods reduce the need for manual feature extraction while improving robustness.
Their review also revealed a lack of standardized datasets for benchmarking.

*Real-Time Object Tracking Using Sensor Fusion:*

Chen et al. \[3] proposed a lightweight object tracking system integrating visual features and inertial sensor data on an energy-
efficient drone platform using the Qualcomm Snapdragon Flight board. Their algorithm combines ORB-based feature extraction
with a local difference binary (LDB) descriptor and GPS/IMU data fusion, achieving reliable tracking in dynamic outdoor
environments with low computational overhead.

*Application-Oriented Drone Control for Infrastructure Monitoring:*

Hamelin et al. \[4] introduced a discrete-time control algorithm for a hybrid UAV (LineDrone) designed to land on live power lines.
Their approach supports assisted alignment using a vision-based perception system and is immune to electromagnetic interference.
The control structure reduces pilot workload by automating lateral and yaw stabilization, demonstrating effective performance in
real-world power grid inspection tasks.

*Traffic Monitoring Using UAVs and Deep Learning:

Bisio et al. \[5] conducted a systematic review of UAV-based road traffic monitoring systems from a deep learning perspective.
They categorized existing methods for vehicle detection, tracking, and counting, and assessed datasets and evaluation metrics used
in these systems. Their findings underline the potential of UAVs in smart city applications, while also pointing out the challenges
in video processing due to occlusions,illuminationvariation,and motion blur.

1. METHODOLOGY

The proposed work draws upon contemporary methods in drone detection, classification, and tracking by leveraging deep
learning architectures, sensor fusion, and intelligent control systems. These methods, informed by existing literature, have
demonstrated robustness in dynamic and complex operational scenarios.

The core of the detection system is based on deep learning, particularly convolutional neural networks (CNNs), with the YOLOv3
model selected for its balance between accuracy and real-time performance. YOLOv3 employs the DarkNet-53 backbone, which
consists of 53 convolutional layers optimized for feature extraction at multiple scales. This allows the network to detect drones of
varying sizes and shapes. The model is trained on a labeled drone dataset, annotated to distinguish between different types such as
tricopters, quadcopters, and hexacopters. Training involves feeding resized input images through the network, applying anchor
boxes to predict bounding boxes, and using a non-maximum suppression algorithm to eliminate redundant detections. The system
is trained over 150 epochs to ensure convergence and performance stability under scale variation, occlusion, and noise conditions
\[1].

To complement visual detection and enhance tracking capabilities in real-time, multi-sensor fusion is employed. This approach
incorporates data from onboard inertial measurement units (IMUs), global positioning systems (GPS), and video feeds. Feature
points in each video frame are extracted using the ORB (Oriented FAST and Rotated BRIEF) algorithm, and binary descriptors are
constructed via Local Difference Binary (LDB) encoding. These descriptors are then matched using the K-Nearest Neighbor (KNN)
algorithm. By combining these visual features with spatial orientation data from GPS and IMU sensors, the system computes the
relative position between the UAV and the target object, ensuring robust tracking even in dynamic environments. The entire system
is implemented on a lightweight Snapdragon-based UAV platform optimized for embedded real-time processing \[3].

Additionally, for more constrained environments such as power line inspections, a control strategy based on discrete-time modeling
is applied. A hybrid UAV, LineDrone, is equipped with a vision-based perception system using a combination of LiDAR, camera,
and IMU data to align itself with live power lines. The control architecture separates responsibilities between a high-level controller
(for lateral and yaw alignment) and the human pilot (for altitude and longitudinal movement). A cascaded P/PI controller is used to
ensure stability and predictable behavior during landing. This system avoids electromagnetic interference by excluding magnetic
compasses and achieves reliable cable tracking using visual servoing principles \[4].

In parallel, classical machine learning approaches have been utilized for drone detection across various sensor modalities such as
radar, RF, and acoustic signals. Here, feature extraction techniques vary based on the sensor domain—time-domain features like
Doppler shifts and signal amplitude are used for radar data, while spectrogram and frequency-domain features are preferred for
acoustic sensing. Classifiers such as Support Vector Machines (SVM), Random Forests, and Artificial Neural Networks (ANNS)
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are trained on these features. However, deep learning is often favored due to its ability to eliminate manual feature engineering and
deliver improved generalization in complex detection tasks \[2].

In the context of drone-based applications like traffic monitoring, a different methodology is adopted wherein UAVs collect aerial
imagery or video, which is then processed using deep learning-based object detectors such as YOLO, SSD, or Faster R-CNN. Each
frame is analyzed for vehicle detection, and the temporal consistency between frames is maintained using multi-object tracking
algorithms like Deep SORT. Pre-processing steps include resolution normalization, background subtraction, and temporal
smoothing to account for variations in lighting, angle, and motion blur. These methods have been particularly effective in smart
city applications involving real-time traffic analysis, congestion detection, and vehicle speed estimation \[5].

IV. RESULTS AND DISCUSSION

The recent literature demonstrates that deep learning and sensor fusion approaches have significantly advanced the capabilities of
drone detection, classification, and tracking systems. Various experimental results have validated these methods in both simulated
and real-world environments.

The application of YOLOV3 for drone detection has proven to be highly effective. Behera and Raj \[1] reported that their YOLOV3-
based system achieved high accuracy in detecting drones of various types, including tricopters, quadcopters, and hexacopters.
Despite being trained for only 150 epochs, the model demonstrated reliable performance under different orientations and scales.
The authors highlighted YOLOvV3’s ability to handle small drone sizes and partial occlusions, conditions under which traditional
methods often fail. The model's fast inference time also makes it suitable for real-time surveillance applications.

In another study focusing on multi-modal sensor fusion, Chen et al. \[3] demonstrated that integrating IMU and GPS data with
vision-based feature tracking significantly enhances object localization performance. Their real-time tracking system, implemented
on a Snapdragon flight board, was tested in outdoor dynamic environments and achieved robust tracking even under unstable
lighting and motion blur. The fusion method enabled the drone to maintain a stable lock on the moving target while consuming
minimal computational resources, making it highly efficient for onboard execution.

The LineDrone project presented by Hamelin et al. \[4] illustrated the effectiveness of discrete-time control in semi-autonomous
UAV operations. The control algorithm was tested in real outdoor conditions and was capable of aligning the drone with power
lines for landing while maintaining stability in the presence of wind gusts and electromagnetic interference. The experimental results
validated the closed-form control law and showed that the system reduces pilot workload, enabling safe and reliable operation near
live infrastructure.

Taha and Shoufan \[2] provided a broader perspective by comparing various machine learning models across sensing modalities
such as radar, RF, and acoustic systems. Their analysis revealed that machine learning models, particularly binary classifiers like
SVMs and decision trees, achieve high detection accuracy (up to 100%) when features are carefully engineered from raw sensor
data. However, they noted significant limitations in generalization across datasets and scenarios. This reinforces the need for
standardized public datasets and the shift towards deep learning models that inherently learn robust features.

In drone-based traffic monitoring applications, Bisio et al. \[5] discussed the challenges of deploying object detection models in
complex urban scenarios with moving backgrounds, small object sizes, and varying illumination. Deep learning-based models like
YOLO and Faster R-CNN consistently outperformed traditional image processing methods in detecting and counting vehicles from
aerial footage. Furthermore, combining object detection with multi-object tracking algorithms improved performance in congested
scenes, enabling accurate estimation of vehicle flow and density. Despite this, the authors highlighted that high-resolution video
processing remains computationally expensive and necessitates optimized edge or cloud-based solutions.

Across all studies, a common observation is the trade-off between model accuracy and computational efficiency. Lightweight
models and sensor fusion techniques offer practical benefits for real-time onboard applications, while more complex deep learning
architectures yield superior accuracy but demand higher processing power. Another consistent challenge observed is the scarcity of
large, labeled datasets that represent real-world diversity in drone appearance, background clutter, and environmental conditions.
Addressing these issues through public datasets, data augmentation, and transfer learning remains a significant area for future work.

V.CONCLUSION

The reviewed literature affirms the growing importance and maturity of drone detection, classification, and tracking systems
powered by deep learning, sensor fusion, and intelligent control mechanisms. The integration of CNN-based object detection
models, particularly YOLOvV3, has demonstrated real-time performance and high accuracy across diverse drone types and
environments \[1]. These models are effective at handling challenges such as occlusion, object scale variation, and background
clutter, making them highly suitable for surveillance and counter-UAV applications.
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Moreover, the use of sensor fusion techniques that combine vision with inertial and GPS data enhances the robustness of tracking
in dynamic environments. As shown in real-time tracking experiments, lightweight implementations on embedded UAV platforms
can achieve high performance with minimal computational overhead \[3]. This supports the viability of deploying advanced
perception systems directly onboard drones without relying heavily on external processing.

Control systems tailored for UAVs in constrained environments—such as the LineDrone for power line inspection—highlight the
role of discrete-time control and semi-autonomous navigation. These systems reduce the manual workload while maintaining
precision and safety, demonstrating the effectiveness of task-specific control architectures \[4].

Despite the progress, several challenges remain. There is a notable lack of standardized datasets that adequately represent real-
world drone operation conditions. This hinders the generalizability and benchmarking of detection and classification models.
Furthermore, while classical machine learning methods remain useful in sensor-specific domains (e.g., radar, acoustic), their
reliance on manual feature extraction and limited adaptability restricts their use compared to deep learning approaches \[2].

In the domain of smart cities and traffic surveillance, drones equipped with Al-driven vision systems offer scalable solutions for
monitoring, congestion analysis, and event detection. However, high-resolution video processing continues to be a bottleneck in
onboard systems, suggesting a future shift toward hybrid edge-cloud processing models \[5].
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