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Abstract

To address the limitations of single-scale time-frequency representations in capturing complemen-
tary temporal and spectral characteristics of UAV radio-frequency (RF) signals, as well as the deg-
radation of recognition performance under noise perturbations, this paper proposes a UAV RF fin-
gerprintrecognition method based on multi-scale time-frequency features and channel attention.
First, RF signals from three UAV categories, namely AR drone, Bepop drone, and Phantom drone,
are selected from the public DroneRF dataset and processed through format conversion, source-
file-level partitioning, and fixed-length segmentation. Short-time Fourier transforms with window
lengths of 128, 256, and 512 are then applied to construct multi-scale time-frequency representa-
tions. The resulting spectrograms are resized to a uniform resolution and concatenated along the
channel dimension. ResNet18 is employed as the backbone network, while squeeze-and-excitation
channel attention and data augmentation strategies, including amplitude scaling, temporal shifting,
and noise perturbation, are incorporated to construct the Multi-STFT ResNet18-SE-Aug model. Ex-
perimental results show that the proposed model achieves an accuracy of 0.7946 and a Macro F1
score of 0.7833 on the file-level validation set, with an accuracy improvement of 1.65 percentage
points over the corresponding single-scale model. Further feature-domain noise perturbation ex-
periments demonstrate that the multi-scale model maintains better recognition stability under dif-
ferent perturbation levels, achieving accuracy improvements of 8.42 and 9.81 percentage points at
10 dB and 5 dB, respectively. These results indicate that multi-scale time-frequency representations
can effectively integrate complementary RF characteristics at different time-frequency resolutions
and improve UAV RF signal classification performance, particularly under medium- and low-SNR fea-
ture perturbations.
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Table 1. Dataset class distribution and sample partition
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Figure 1. Example of a single-scale STFT spectrogram
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Figure 2. Multi-scale STFT feature construction workflow
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Table 2. Parameters for data preprocessing and time-frequency feature construction

= 2. BRI SRTIHIESZ S

ZHALTR ZHIE Ui W
T K 8192 TANFEAR A IR ISR A s
(S EUSINIIPE it 200 PR AR R AR S A DT R A 7
WEREREALL 10,000 SRR 53 S A
UESERE AR 2600 ARG 53 A R
BRERMARSY 1 x 129 x 65 TS STFT A A
DOI: 10.12677/airr.2026.155119 1311 N R 5 P28 N5


https://doi.org/10.12677/airr.2026.155119

IR 5

ZREH DK 128. 256. 512 =F STFT RJ¥
Z RN RS 3 %129 x 65 ER B EIRETSE PN
RFE)A—1k B D5 2 bR tEAL TRl INREA AR 53 A 25 5

2.6. BRI SRR

NP RS S HAN IE S RE T, A SCHE I ZRIY BO S Fr g A7 B AL 3807 # Fe S 45l DA
BRI AR BN AT BEE G 28, DLORUE VAl 45 JRe % S WO RLZE R I s be A i)
WotERE. WIRMEYIRE S N x[n], BREH1E 5T RRA:

xaug[n]:ax[(n—z')modL]+77[n] 7

Hrb, o FORBEATRE T, « KRRV E, LRRVITKE, n]n] RoRHNgS .

ARZESEMR T DroneRF a3 . SCH-FEA K o DL B R FEFI 2 R STFT FHEMIEE, N 2R )
RIS —HN o
3. ETFZ REMNEESEIEFENIRBSE Z

ARFEAEL N STFT RREFEfE _EA T ANLFHSTHR AR, DL ResNet18 NET W%, 5| SE i#id
RN, Thah & 2 ]I i N\ 58 R3S B T .
3.1. BEGEIESR

AT FEREFHES U A 2 R R . R SRR SR BUR 20 2R A DA B B 20kt I
AT F) 4y K 8192 (R By, 4r ISR 128, 256 F1 512 =F0 & 4T STFT A8k, I 4 &
Gi— N 129 x 65 G WlIiEYE EBHE N 3 x 129 x 65 #i\; BHJ5 B ResNetl8-SE HEHURZHGHE, SL4EREE
F Softmax % To AN AL

W RER SN S, IRFERESRIUNZ Ny £, (), WA SR BRI R AR AT R N

h= f9 (Smulti) @

Hrp, 0 RRBESH, h RREITIREBF NS SIS BIRE R & . 2 2R 23— DR E R 280
4

o=Wh+b 9)

Hrb, Wb iR R EEZ I ENRE, o KA &I a5 BT M T =0 KAE5%,
BB TN BN C=3, 7HI% R AR drone. Bepop drone il Phantom drone. Z:3d Softmax B %§
Ja, 5 o BRI Z N

CYexn(o,)
o LR 1o PENE 2 B K IR I E 9 T 285
= argmax p, (11
IR S T AR GG S R B0 TE AL SR 2 1) v 2 s R
3.2. BEZRBERG T
TS UE AN [R] ) 28 285 R 50 TG N LS A B AR I 2% 2] Be D I S2 ), RSO et 1 IR )E BRI 4%

DOI: 10.12677/airr.2026.155119 1312 PNER ST IR YN


https://doi.org/10.12677/airr.2026.155119

IR 5

SimpleCNN FIVRJZ 5% 7 W 4% ResNet18 PISFELIERI[5]. SimpleCNN 1EN¥R)ZEHE4k, HFIRIUE STFT
BRURFE LA ] 7325 ResNet18 MU T 73 BT ioR J2 ik 22 G5 M o) I AR SR AFAE SR HORIVE o X T4 N ARFAE
X, FRZEFTCIR H TR R

y=F(x;W)+x (12)

Horb, F (W) FoRiE 25 32 S BINARENE WU, W RRZIRZE 9 P B SHL, x RoRIE MU 7
o BRZEVEFEAT N ZE AN Db B 2] 5o WU, T SIS B bR 2 R sk 2284, A B TR R
=R Sfa e k.

B XA SC STET WA RH 80/ A Je 22 )ROBE =i s N IR 55, A SCHEAR 1 ResNet18 J:Ail XA
Uty E R EAT IE NP VA #E . BERUASK ] ImageNet TN ZRALE, & MBENLRI GG S BT a6 I 2R, S TR
B STFT %N\, H—EERMHMNEEREEN 1; T2 RE STFT FN, WK 3. SikFER, %
Ji& ResNet18 i A (KB ZEE Y 3 x3 B, BRKEN 1, HAREN 1, FHBOHH A H AL
PR, DUREGLE 2R JZ M BO 129 x 65 I S 34T ik R SR AE, AT S ] REAR B Jr 350 A0l S0 2
AR R

7E PR HEILRS , MEAI0R BT ResNetl8 HIVUZAR ZRFESE LA . 2 REE ARG 5 — 245
ALK Layerl. Layer2. Layer3 Al Layerd #E4T B RALKHEIRIL, HERA SR ML ERIT4SERE
i th =R ML Ir 45 R

3.3. ResNet18-SE ;¥ = iR R EER

SRy 8 5 O 4% 6t S BB AL R AE 7T, 1F ResNetl8 #-5% 2 BUG 51 N SE i & S 6],
SE #RHe 3 ZEALHE Squeeze. Excitation F1 Scale =M B, 1 5 F) 4 7 7 )b Ak 35 7510 18 1k 1w &2,
P I R A R I 4 A A, SR R AR AR AT E AR E . 7E Excitation BB, SE MLHUE IS E
A4S ) AN FBIE 2 A ROC R, AR AR T A -
s=o(W,5(Wz)) (13)

Hob, W R, BAFEERENNESY, 5() %R ReLU WIEEH, o ) F% Sigmoid B ¥, s %
AN BIRETERCE [ & ZAE RS AN TR T 0 B 1 Z0W, BT RS0 RO E ) A
J&. fJi, fE Scale [P, SE b Y AL H 0 AR R AEREAT B AR E -
(1)) = 5. 1. (1.7) (14)

Horb, a, (i, )) R EMRE G ¢ MBEIERHE, s, R B RCE . @idz oy, BARE
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Figure 3. Multi-scale STFT and ResNet18-SE fusion recognition architecture
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Table 3. Training parameter settings of the proposed model
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Figure 4. Confusion matrix and normalized confusion matrix of the Multi-STFT ResNet18-SE-Aug model
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Figure 5. Robustness comparison of single-scale and multi-scale
models under different SNR levels
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