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The widespread use of UAVs has intensified the need for advanced
security measures to prevent unauthorized airspace intrusions and
mitigate potential threats. Audio-based drone detection systems, which
leverage the unique acoustic signatures of drones, offer a viable
solution for remote monitoring and surveillance in sensitive
environments such as military zones, secured facilities, and urban
areas. In this paper, we propose a powerful framework based on a
lightweight deep neural network architecture derived from ConvNeXt
for accurate and real-time acoustic drone detection and classification.
The proposed model is trained and evaluated on a diverse collection of
drone and environmental audio recordings to ensure high performance
and generalization across various conditions. Experimental results
demonstrate the model’s outstanding ability to accurately detect and
classify a wide range of drones in acoustically complex environments,
while also maintaining low latency suitable for real-time applications.
Moreover, the proposed multi-task model outperforms existing
methods and proves to be a practical solution for deployment in
resource-constrained audio surveillance systems. Despite achieving
impressive accuracy about 99/55% in detection and 99/21% in
classification, the model contains only 0/62 million trainable
parameters (625542), making it highly suitable for integration into
low-power, real-time environmental monitoring systems.
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Introduction

Unmanned aerial vehicles (UAVs) have become an integral component of modern military and security
capabilities due to their ability to operate autonomously or remotely, perform missions in both day and
night conditions, cover long and short ranges, and function under diverse weather scenarios. These
capabilities have simultaneously transformed low-cost and agile UAVs into serious threats to sensitive
areas, strategic infrastructures, and urban environments. Consequently, there is a growing demand for
robust, efficient, and rapidly deployable counter-UAV technologies capable of timely detection, tracking,
and threat mitigation.

Among existing solutions, non-invasive, passive, and low-cost systems that do not rely on
electromagnetic emissions have attracted significant attention, particularly in operational environments.
Acoustic-based UAV detection systems leverage the distinctive sound signatures generated by UAV
motors and propellers, enabling identification even without line-of-sight and under challenging
environmental conditions. Recent advances in deep learning and lightweight neural networks have
further enabled the design of accurate, low-latency models suitable for deployment on
resource-constrained edge devices.

Despite their advantages, acoustic methods face challenges such as high environmental noise,
inter-class acoustic similarity, distance- and angle-dependent signal variations, and limited availability of
diverse real-world datasets. To address these challenges, this paper proposes a lightweight deep learning
model based on a ConvNeXt architecture, designed within a multi-task learning framework to
simultaneously detect UAV presence and classify UAV types. The proposed approach emphasizes
efficient learning from limited data, real-time processing capability, and robust performance in realistic
and noisy environments, making it well-suited for practical military and security surveillance
applications.

Result & Discussion

The proposed acoustic-based UAV detection and classification framework was evaluated using diverse
and challenging datasets to assess both accuracy and practical robustness. Experimental results
demonstrate that the lightweight ConvNeXt-based multi-task model achieves reliable performance across
different acoustic feature representations, while maintaining low computational complexity suitable for
real-time deployment. Among the evaluated features, log-Mel spectrograms and MFCCs consistently
provided superior discrimination capability compared to raw FFT features, particularly under noisy and
long-range recording conditions.

The multi-task learning formulation, which jointly optimizes UAV presence detection and type
classification, led to more stable feature representations and improved overall accuracy compared to
single-task baselines. Despite the very compact model size (approximately 0.62 million parameters), the
proposed architecture preserved strong modeling capacity, outperforming or matching heavier models
reported in related studies.

Table (1) reports the UAV type classification accuracy on the reference dataset using an 80% training
and 20% evaluation split. This table demonstrates that the proposed lightweight ConvNeXt-based model
significantly outperforms the baseline method, particularly when MFCC and Log-Mel features are used.
The results confirm that, even with a compact architecture, the proposed model achieves very high
classification accuracy, establishing a strong baseline performance under standard training conditions.
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Table (1): UAV type classification accuracy

Model accuracy
Baseline 93.6
Proposed Model (FFT) 66
Proposed Model (LogMel) 96.99
Proposed Model (MFCC) 99.21

Table (2) presents detailed UAV detection results under the same 80-20 split, including Accuracy,
Precision, Recall, and Fl-score. These metrics highlight the reliability of the proposed model in
distinguishing UAV sounds from environmental noise. The consistently high Fl-scores, especially for
MFCC-based inputs, indicate balanced performance with low false-alarm and miss-detection rates,
validating the effectiveness of the multi-task learning framework in the baseline scenario.

Table (1): UAV detection accuracy

Model accuracy
Baseline 97.7
Proposed Model (FFT) 94.5
Proposed Model (LogMel) 97.91
Proposed Model (MFCC) 99.55

Notably, the model exhibited robust generalization to unseen UAV configurations. Evaluation on a
modified and previously unseen Race UAV, with altered battery, propellers, and operating voltage,
showed high detection reliability, indicating that the learned representations capture intrinsic acoustic
characteristics rather than overfitting to specific operating conditions. Furthermore, the inclusion of
diverse environmental noises and acoustically similar non-UAYV sources, such as aircraft and helicopters,
significantly reduced false alarms and improved real-world reliability.

Conclusion

A comprehensive comparison of acoustic feature representations showed that MFCC and log-Mel
spectrograms consistently outperform FFT-based features, particularly in low-data regimes and noisy
environments. Importantly, the proposed system exhibited strong generalization capability to previously
unseen UAV configurations, confirming its robustness against variations in hardware, operating
conditions, and acoustic signatures. The inclusion of acoustically similar non-UAV sources, such as
helicopters and fixed-wing aircraft, further validated the model’s ability to reduce false alarms in realistic
deployment scenarios. From a computational perspective, the measured inference and feature-extraction
times confirm that the proposed approach is suitable for real-time operation on embedded and edge
devices. Overall, the results indicate that the proposed lightweight ConvNeXt-based model offers a
practical and scalable solution for passive UAV surveillance systems in military and security
applications.
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