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Introduction

Micro-drones (very small unmanned aerial vehicles, typically only a few centimeters in size) have
become increasingly prevalent due to rapid advances in miniaturization, onboard control, and consumer
availability. While micro-drones enable legitimate applications such as inspection and civil monitoring,
they also introduce security risks in sensitive environments, including unauthorized reconnaissance,
contraband delivery, and intrusion into restricted airspace. Consequently, robust and timely micro-drone

detection is a fundamental requirement for counter-UAV and perimeter protection systems.

Detecting micro-drones using visible-spectrum cameras is appealing because of the low cost and ease
of deployment of optical sensors and because high-resolution imagery supports operator verification.
However, visible-spectrum detection is technically challenging: micro-drones occupy few pixels at
operational distances, their appearance changes with viewpoint and illumination, and motion blur is
common during fast maneuvers. In real scenes, cluttered backgrounds and visually similar objects—

especially birds—can increase false alarms.

Deep learning—based object detection has substantially improved the feasibility of real-time aerial
target detection. Among one-stage detectors, the YOLO family ("You Only Look Once") is widely used
because it predicts object locations and classes in a single forward pass, enabling efficient inference. This
study investigates the use of YOLOVS as a practical, modern YOLO variant for micro-drone detection in
daytime, visible-spectrum imagery. The main objectives are (i) to fine-tune an appropriate YOLOv8
model on a micro-drone dataset, (ii) to quantify performance with standard detection metrics, and (iii) to

analyze error modes relevant to deployment (missed detections and false alarms).
2. Results and Discussion

A labeled dataset is central to detector performance, particularly for small-object detection. The dataset
used in this work comprises 3492 labeled visible-spectrum images of micro-drones at 640 x 640
resolution with diverse backgrounds and viewpoints. Following common practice, the dataset is split into
70% training, 20% validation, and 10% testing, resulting in 3035 training images, 305 validation images,
and 152 test images. Annotation is performed by bounding boxes tightly surrounding micro-drones to

enable supervised learning.

Training set: 3035 images (70%)
Validation set: 305 images (20%)
Test set: 152 images (10%)

Model selection balances accuracy and computational feasibility. To strengthen feature extraction for
small targets, the YOLOVSI (large) variant is employed, reported to have approximately 46.5 million
parameters. Training is conducted on a GPU-based setup (GeForce RTX 4060 Ti, 16 GB VRAM). The
intent is to reach an operating point that supports near real-time detection while maintaining high

detection quality.
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Table 1. Key training configuration parameters.

Parameter Value
Epochs 100
Batch size 16
Input image size 736
Mask ratio 4
IoU threshold (reported) 0.7
Mosaic close epoch 10

Performance is evaluated using standard object detection metrics, including precision, recall, and mean

Average Precision (mAP). For interpretability, these are defined as:

Precision = TP /(TP + FP)
Recall = TP /(TP + FN)

mAP@0.50 and mAP@0.50:0.95 are computed by averaging the area under precision—recall curves
over loU thresholds.

The best reported results (at the epoch yielding the highest mAP@0.50:0.95) demonstrate strong
detection performance: precision = 0.973 and recall = 0.976, with mAP@0.50 = 0.983 and
mAP@0.50:0.95 = 0.735. The high mAP@0.50 indicates reliable detection and coarse localization,
whereas the lower mAP@0.50:0.95 reflects the stricter localization requirements across multiple IoU
thresholds, which is expected for very small targets where even minor annotation or prediction shifts

materially affect IoU.

Confusion-matrix analysis further clarifies error modes. Among 297 micro-drones present in the
evaluated test imagery, 293 are correctly detected and 4 are missed. Additionally, 18 false positives are
reported, corresponding to detections triggered in regions without micro-drones. This error profile is
operationally significant: missed detections represent the highest safety risk, whereas false positives

increase operator workload and can reduce system trust if alarms occur too frequently.

The selection of the confidence threshold influences the balance between missed detections and false
alarms. The manuscript notes that the confusion-matrix summary is computed at a low confidence setting
(approximately 0.1). In practice, threshold calibration should be performed using validation data and
mission requirements. For critical infrastructure monitoring, a recall-oriented operating point is often
preferred, followed by post-processing (temporal smoothing, multi-frame tracking, or secondary

verification) to reduce false alarms.

In addition to accuracy, real-time capability is emphasized. The reported runtime performance is

approximately 30 frames per second, which supports near real-time surveillance on the stated hardware.
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Qualitative examples from video frames indicate that the trained model can detect micro-drones under
variable backgrounds and can maintain discrimination in scenes where birds appear. Although bird-
versus-drone separation is not evaluated as a dedicated benchmark in this study, these examples suggest

that a YOLOVS8-based pipeline is a viable baseline for visible-spectrum micro-drone monitoring.

Limitations remain. Results depend on dataset diversity and label quality, and small-object
localization remains sensitive to resolution and annotation precision. Moreover, higher-capacity variants
(e.g., YOLOv8x) may further improve mAP@0.50:0.95 but can exceed available compute for real-time
operation. These constraints motivate future enhancements that improve robustness without sacrificing

deployment feasibility.

3. Conclusion

This study assesses YOLOVS for visible-spectrum micro-drone detection using a labeled dataset of 3492
images and a fine-tuned YOLOv8I model. The detector achieves strong performance, reporting precision
=0.973, recall = 0.976, mAP@0.50 = 0.983, and mAP@0.50:0.95 = 0.735, while maintaining near real-
time throughput (approximately 30 fps) on a modern GPU. Confusion-matrix results indicate 293 correct
detections out of 297 targets, with 4 missed detections and 18 false positives, emphasizing both the

promise of the approach and the remaining need for false-alarm control.

Future work can strengthen operational reliability by (i) improving decision policies through adaptive
thresholding and learning-based confidence calibration, (ii) integrating multi-spectral data (notably
thermal imagery) to extend detection to night-time conditions, and (iii) implementing edge deployment

on embedded GPU-enabled platforms to support real-time inference in practical security systems.
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