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Abstract

DroneRF stores radio-frequency measurements as long sequences. Randomly splitting short win-
dows may place correlated windows from the same low-/high-band (L/H) paired segment in differ-
ent subsets and reduce evaluation reliability. This study therefore organizes 454 single-band CSV
files into 227 L/H paired segments according to BUI activity codes and segment indices, and assigns
160, 34, and 33 paired segments to the training, validation, and test sets before window generation.
Each paired segment yields 32 index-aligned dual-band windows of size 2 x 8192, producing 7264
windows. Data manifests, the test list, and metric definitions are fixed, and identifier exclusivity is
audited. Under this protocol, a Raw-FFT-STFT three-branch network is evaluated with cross-entropy
(CE), mild data augmentation (MildAug), Source-aware SupCon, and their joint configuration. Across
three random seeds, the joint configuration achieves a per-window balanced accuracy of 0.9926 *
0.0051 versus 0.9901  0.0037 for CE, an increase of 0.25 percentage points that is not retained for
every seed. Probability aggregation correctly classifies all 33 test paired segments for all four config-
urations. Removing the Raw and STFT branches reduces balanced accuracy by 0.0059 and 0.0022,
respectively, whereas removing FFT changes it by +0.0006, within experimental variation. With a
fixed seed, no nonzero contrastive-loss weight exceeds CE. Source-aware SupCon increases within-
class similarity across paired segments but reduces class separation. The protocol provides a repro-
ducible basis for comparison under fixed data and evaluation rules; the conclusions are limited to
the available DroneRF metadata and the Background/UAV binary task.
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W OPRREAT B, A FEIZRAC B ARG . I RANE bR ioh S B R R — 3

(3) £ L&V FIFRE Raw. FFT 5 STFT 43 3CiHml, L& MildAug F1 Source-aware SupCon [1) 545
SEH,  FREE G RANE 5 IR E S BUBUR I AR 2F (R 04T, U TS AN RN 2R R S 2 2R

ZANKEALR TR, S IR B Y B S L DGR A RE s E TC L T 35 P o R
TR IR TTVE, AHRAE RN rh ORFFOLH . RS S ESLIe K W], Raw 73 3 (VR RIAEGS B,
Source-aware SupCon X i#5 73 B [R] 8 S AL A2 7] [R] R (RO S MR F AN — B DR, AR SOR AR 9 i 1 F i i
TR R VIS, AMEE R € 1 B Bt 77 v

AXHARNELZHAWT: B RBEERM KA B =8N AR B R 2 RRM 2% 51125
Jiiks BBIEG XL HEL. SEEURMEARHE S R R AL AR, KRS E87M.

2. HXARHER
21. EFSHRESHEANRRIFS

TN AT AR BN AR S 5 v T B AR 513000 . S8R R - B sl 8, A
WA E AR T M, PR RRLSE . Ak AN SR AN AR TR 1]

LA 08 BT I Y . DhER i Bt s P AR IO TRHE, TR SR E AL K IEA055 2598
SERCHI, VR RE 5 SERFIE BT FR AR S AR RO o B TR 22 ST R, PR I 25 R I JER 463 5 4
75 B AR 7R B2 ) REE[2] [9]s Al-Sa’d S54SR T R AN . A5 R A FTIZ AT IR 4 28
[3].

LA FCE B T SR AR A A, (ERE Y Pk B I A2 T 1 R @ R R 43 s . o b
BB R R R F, BRI I 2y BA R, Y AT AR A AR R AR I R, S B4
FAwmne] [7]. R, VRN SFATR S 75 v LRI S AR R R4 B 5 T 4.
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WEB X B 2% 3] (Supervised Contrastive Learning, SupCon) & $ KA bR 2 /i IEFEAR SR R, HIRL ALK
WRFIE 7341 [8]0 FRitE SupCon ANX 43 IR E 40 BOR IR,  wRESRM 2 BORFE . 400K L/H Fixf 4
BEARR BN IEREARHERS, (A4 R B % B A FIBCR 20 B O SCHA BIEREAS s Hod “Source” 8
S 2258 SRR FRIRC XS 73 BORIE - AN 7 Ui vy o 5

ATIBOT HTAH 22 0 286 (D ANN ) IE I 350 73 S 488 AV S 4 S 4 3T R 4E )2 12], Group DRO JUIEH5%t T
& X FFAARAC TR BRI [13]0 P2 23 A P A b 25 BCR A S b SR B4 € Lo DroneRF BLA
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3.1. EREEX SEFIER

DroneRF JF UG5 s LA 7 FUARAE  [F)— (KA A B (L/H)EC XS 4 B T AR R 2 AN FHOR TR 1. #5728
A2 B BRI S, [F)— B o B R R AE S AT Re R E NI B 5 IREE, fema v ai . A
X — W, A L/H BO 5 BUEAEHRAZ R SREERIZE FL R, JRTE S AR Rl [ 2
WZREE . WRUFEANMNRER o X FRALARIE U RIS, AR AT 8 T EARRIE R R, ASER T ML &
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Bo/5 i Raw FFT fl STFT =733 MZSHRIUREAE, Fil i 20— ot 7 B b i RAE . 6 S AT 5
(MildAug) FIEC XS 7 BUBE B 6 Le22 ST R ke BEARmARE LI 1.

WYRCSV BRI ER BOSix 4 ZRTISE mass 33
BN a8 132 12EY Bttt Lk ]
g 32 %8192 &5 g - 2564457—{t
{E4ER CSV L/H ekt ii;ﬂﬁzm Raw:;f;é S%TFT *’;ﬁ%’é wRES
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TEIERAE 3BASEHE TR 4 BRI
MildAug (FTi%) SupCon (&%)

Figure 1. Overall procedure of RF signal classification based on L/H paired segments
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3.2. /H iix B i 58 O KA

HR4E DroneRF LA 4 KN, HATAHE BUL W& shAESH1 53 B 5 ARAR BT AT 5 ARUBOSCA ALl —

AN L/H BEA 7B 454 DNEIFEBL CSV UL R 227 ANBCHE 20 B, Herb Background 4 41 >, AR. Bebop

F1 Phantom & FF /5 11 UAV N 186 /. YIRS IUEEMMRE S B/ B 160, 34 F1 33 ANMECKT - B . %
ZH A BARIRES N G tre G va FIG te, TR :

G: NG, =90,6, NG, =D,G,, NG, =D )]

(7] —Be %t 73 B RRARB SO B SO e FL AR B 4 A B T A6 2% AN [l — Bl 74 . ] 8 Bt
FHE— PN CSV B8 4R BIBOCHFARIR . FEX 20 BR R & LFR IR, RIS IIZREe . B uE SR ANl 4E
MEEER, SHEETRAMRILE 1,

Table 1. Split results of L/H paired segments and windows
F 1. B oBREEOXISER

HIEE Background 4Bt UAV B Ba¥ Background & K UAV &0 O EE
YIZREE 29 131 160 928 4192 5120
IEEE 6 28 34 192 896 1088
Mg 6 27 33 192 864 1056
& 41 186 227 1312 5952 7264

TAN I CSV UL 10,000,000 ASRAE £ BRGS0 B AT RN 32 ME
i X [6], FF [ E BEALM T 3407 5ECRT 73 Bobr iR 3L A 25 X 18] ) o bl o B5am A B B OR B 8192,
16,384 132,768 =i K J&, Ffdgim KigiG K AL A IEASRR EE R € = 8192. A5
BEFMFERNE g FOMEMEERS, SURHARRN:

L /g
Sr cr.j_E:cr,j+E
Xf,é} _ c RZX[ (2)
’ y 0 ¢
Sr Cr’j_E.Cr’j-‘_E
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FEAS L/H B BAE R 32 NEAESRUNE M, HRE&BET] 7264 NS 2 x 8192, HdEEA N
float32 MIREAR . 2R 510 5 CRUE W3 2% SR/ A A i R vp 0 67 B0 B, H 2 TR B4 AR S A Al A i 45 5L
DRI AN FLfg R A AL IR B G 4] (6] 25 o A SO B AR AN BEIE A AS [ 0 43 BOR: B 58 2 BT IR 4%
7S RS SRR

3.3. Raw-FFT-STFT Z R ML

AP IS A [R]—N XUPRIN S AR e B SRR A HARBIE TE Y N (A 4EHEAT B P9 S A
t, AMERIZREE . BRIFEBINAERN 2 RSt E. Raw 7 X HAZRWHRHEALIN38{E 55 FFT 43300
120 SEHHTE 1R W B AT 0 B8R 4 AR AL -

Xy, = Norm| log (1+[rFFT(X,,, )

)] )
STFT 43 SR A E A 256 1) Hann T, {8 B AR K TN 256, 830K AN 128, FEX R E I A
HEAT X BUE 48 AREAS N PR UEAL -

X_. = Norm [log(l +[STFT (X, i1y =256, w=256,h = IZS)M )

stft

Raw 1 FFT 73 353 A S HOM AL ) T2 — 4 g a8, IBIEEUR I 32, 64. 128, 192 1 256,
B RSHEION 154 11, 7. 5 F1 3, BKEN 2. STFT 23R 12 45 gmin g, miEHoh 24,
48, 96, 128 f1 192, HERZIEIN 3 =3, HZEKN 1, HREPBKN 2. FHERISYHER . fitH—14.
GELU #1 Dropout 41i; 4332 Ruih & HiE M-k SRk, 2 alfE 128 4ERFiE. —BRFEPE
R

f. = Concat(f

raw 2

fin ’fstft) eR*™ ®)

384 YEHHERFE R IR AT L E LS . LayerNorm. GELU. Dropout F155 —ANLRPERLE, K 256 4k
BHHE, FF2 L2 LR R T2tk S as il B tafish . 52 =40 HINK 5 1,440,993 AN]
WESH. VYT AEAH FERE BRI G ok AF T TR 2 SO Rl BT 23R 20 S0 23 TR o528 I 48 45 1 5
SRR, MR TP a0 8548 1 i bR AR 4k

3.4. K3l - KXo BREERESEEEE

WAL 928 /> Background & F1AT 4192 4> UAV & o JFRARE 5 BE 22 57 S /b B lic ot 43 B B 2
PR, S K/NE e 32, MRS EHIE 16 4~ Background % A1 16 A~ UAV & M, JE7ESK
B PR AR BN [H] L/H B BE AL . BHRUIZRE S 160 MK, FEIIZR 100 #6. Zid R RS
HH/0 ) Background &I EE S 5%k, FHIEN 5120 MINGE BT — R ICHAIE ;4 st iR

WA SRR, A E R IRE .

MildAug FH 55 1= B0 s AT PRIS TR RS 4Rk o X565 1 AMFEAS I ZE ¢ ANMSTBOEIE, M7 btk 22 BN 24 il
HIEARUEZE 0.005 155 BECTPREE A 1 M [—64, 641321, I i1 [F —BEA BRAR B AN = AT B L =2 . 186
S JE IS5 A

%, =Roll, (x,, +¢,) (6)

I B R FHPEIR R 77 2, AMERAN R BRI R . MildAug AXZEVIZRITBUS H,  SeiE S Am

EAE AT € SRR 1 s MRSt H T OO S AT 1, B A — G 5m45 R A2 i Raw. FFT Al STFT 01,
MM ORIE =AM 70 3% 52— BURBENLISD -
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BESE BN 0.1, BB BMST Bk, WAMGEXOE A Xk BEEAER T 50288
JLE=H 256 4EH—ARARAE. B ZIIG T A, B3R 2 I8 A XU R % S B 2 B D B L o
F R M

E=PAE

ieT

\

L= Log + ApsLog ©)
BN U RAL TR A, B2 0.03, YIZRIL IR AN AU A 14~15 MEBUEFREA . 550U 530 F Se 5
# PR “Source-aware SupCon” , H:H1 “Source” {45 HI AR ZIC R ) L/H Bt 70 BORIE, AFR
S 8 YRR o 12T R LR R AT O 23 BUZ TR RFAE SC BR, ANHIE G HE T I 1 46 B PR 5602 AL e

4. SSRHE RS54
4.1. LR E Sl

SZG7E Windows 11. AMD Ryzen 7 9700X. 32 GB 771 NVIDIA GeForce RTX 5070 12 GB V& L
SR, FEREH Python 3.13. PyTorch 2.10.0 £l CUDA S8, HERUE N R ~F o 2 x 8192 HIXUIHZ 5] %6} 5%
%1, Raw. FFT fl STFT 430854 128 4E4F1E, Sah &R 256 40— FRoR; EBMEAE
1,440,993 NI YIASH . A SLI0EFH AdamW L4623, WILE2E 3] 5REIERII N 5 x 1074, HEE K/
932, BEEE 160 MR, YL 100 K.

Atk S kB 16 4 Background @ A1 16 4 UAV & [, JREZRAIAEEHHAE L/H X5
Bto DURhIZRECE %54 CE. CE + MildAug. CE + Source-aware SupCon M & B4 ; MildAug K bR
22 2245 0.005 (1) 55 e e 5 64 LN (]S48, B B 2R AL 2_PS=0.03. &% z=0.1, HR
2. FEANEC B FHBEALRE T 42, 2024 F11 3407 ST S R [ 2 S0 IE AR I EC XS 3 B AL RS,
Yo i ST RS K28 UG RARIOERE, MREAS HEAERE.

PP R PR ELHE Accuracy. Balanced Accuracy (BA). WA A%, F1. Minimum Recall. Recall Gap Al
Reliability Score (RS). FH[ERMEEZET, LB FEREIZE 5110 BA. ARIE. F1 5870
fis [Al— L/H FCAE 73 B 32 /N D00 P IMEZR A TR nd0ir o ] 7 B (0 e S B R MEAZ R LR 2.

EAESEE DA RET B E 160, 34 A1 33 A L/H BAA 0BG BB 0 B AR 1) 32 AN 8
KARATER —4E S . CSV R, BRI BOX 7 BoAR iR AN G AR IR R RIS A HEEE A .
DroneRF KIRMLBE & ST « K& H AR RELFEIR N, K Z AU BAE 1S R 7 B R,
AN T HEWTES 5 & BUS 502 AL g
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Table 2. Verification of the fixed data lists and split
#2 EEHEBERSKNKVE

WAEH W& Lalize 3 MR BEIrE4R
HA CSV 320 68 66 454; TEE
L/H Bxt o B 160 34 33 227; LEKE
R 5120 1088 1056 7264; LEHE
W ORSE 2 x 8192 2 x 8192 2% 8192 A —3

4.2. BEER5NSGREM

VURhTC B AE [ R i =BEHLAR FIE R S5 RN 3. N B IR, R R A1 o 2K kR 5
A ¥ eFR: Aug. SupCon Al Joint 43 F 7~ CE + MildAug. CE + Source-aware SupCon Az Jk & Hic & -

Table 3. Main test results of four training configurations (mean + sample standard deviation)

3. M RENTEVNRERIE £ H#AREE)

Tk BA BGR UAVR F1 RS
CE 0.9901 £ 0.0037 0.9913 + 0.0030 0.9888 + 0.0053 0.9934 + 0.0029 0.9891 = 0.0042
Aug 0.9901 = 0.0042 0.9878 + 0.0108 0.9923 + 0.0047 0.9948 + 0.0018 0.9872 % 0.0044
SC 0.9881 + 0.0042 0.9878 + 0.0060 0.9884 = 0.0058 0.9928 + 0.0030 0.9866 % 0.0035
Joint 0.9926 + 0.0051 0.9913 + 0.0080 0.9938 + 0.0041 0.9959 + 0.0025 0.9910 = 0.0050

VE: u A1 SD 43RS MESHEANEE, SC R Source-aware SupCon. PYFICE ) Accuracy BIEMK KA 0.9893.
0.9915. 0.9883 #10.9934, Gap HMEMKIKA 0.0041. 0.0114. 0.0060 F1 0.0064.

PG EAE Ace.. BA. UAVR. F1 fI RS FHUfS & mid5MH, BA # CE #£%5 0.25 N H 73 5, UAVR
P 0.50 NE2r 5 P BG R ¥4 0.9913. MildAug S s F I Js/b UAV Jfs, 12 BG R RFEIF(E
Gap 7k BN Source-aware SupCon J&, BA. RS Al F1 ¥R CE. BCAT & K P8 2550,
HEU0E T s X AR S, A S RA SR B 1R, KAl HRZEE Gap WA 2.

1,005 (a) Class-specific recall (expanded scale) (b) Class recall imbalance
. 25

g
o
T

n
T

=)
T

0975

Window-level recall (mean +/- SD)
Absolute recall gap (percentage points)

154
n

0.970 -

0.965 -

0.960 0.0

CE + CE + Src-SupCon
MildAug Src-SupCon + MildAug

CE + CE + CE + Src-SupCon

MildAug Src-SupCon + MildAug

Figure 2. Recall rates and recall gap of four training configurations

2. OFINSGEENEANBREIRSEEREE
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Figure 4. Evaluation results and selected epochs under different random seeds
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