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This study proposes a lightweight deep learning
framework for real-time classification of rotary-wing
aircraft using acoustic signals. The audio input is
segmented into 1-second frames and converted into
MFCC to effectively capture time-frequency features.
By comparing architectures combining CNN or
SqueezeNet feature extractors with GRU and TCN
temporal processors, the SqueezeNet-TCN model
achieved over 90 % classification accuracy with a model
size under 3 MB.
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Fig. 1. MFCC visualization of four rotary-wing aircraft types (CH-53, Mi-8, UH-60, UH-1)
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Fig. 3. Architectural overview of the four proposed heli-
copter classification models
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Table 1. Architectural overview of the four proposed
helicopter classification models

Rotary wing Segments Si%:flilrir;g)]th
CH-53 4,857 2h41m
MI-8 3,177 1h 54m
UH-60 4,693 2h 36m
UH-1 2,857 1h35m

5345 v
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42 A sto] 452 HLstA. Fig. 4= 24
9] &5 HF AT HIE, Table 2= 2E 9] Afo]
z ot wetu| ¥ & YEWTH CNN-GRU= 2F 80 %
AT E B oW, CNN-TCN, SqueezeNet-GRU,
SqueezeNet-TCN2 85 % — 90 %= B 52 &
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Fig. 4. Training and test accuracy curves for four differ—
ent model architectures

Table 2. Comparison of model size and parameter count
across architectures

Model size

Model (MB) Parameters
CNN+GRU 4.42 1,138,126
CNN+TCN 3.34 835,534
SQZ+GRU 3.08 743,054
SQZ+TCN 3.71 593,418

580 2025, 8(3); pp. 576-582
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Fig. 5. Divergence rate heatmap showing prediction in—
consistency between different model pairs
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