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Abstract: With the widespread use of various communication, navigation, and remote control devices,
the electromagnetic environment has become increasingly complex. Monitoring and controlling the
electromagnetic spectrum in a cluttered electromagnetic environment, and accurately identifying
unauthorized and non-cooperative devices, has become an urgent need. In recent years, identification
technologies based on deep learning have developed rapidly, but there is still a lack in the mechanism of
multi—domain feature fusion, and the identification performance under non-cooperative conditions is still
relatively weak. In response to the problem of identifying specific electromagnetic target signals in
situations with mixed signals, a method for electromagnetic signal identification based on multi—-domain
feature fusion and target detection architecture is proposed. This method utilizes short-time Fourier
transform to achieve the fusion of signal features in the time—frequency domain, and based on the YOLO
target detection architecture, a joint feature extraction and recognition mechanism in the time—frequency
domain is designed. The algorithm is validated for performance on real-world data and public datasets, and
the experimental results show that the recognition accuracy of this algorithm is significantly higher than
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that of comparative deep learning identification methods.
Keywords: non—cooperative device; signal recognition; time—frequency characteristics; target

detection; YOLO framework

AR, BEE AP IEAE . SO, EEBANTZ M, WIS E R e, IR 18 N SRR
KRB o8 X G2 b T BOR Ny, X Se s o AML . B D, PIIRAERIAE . ShRE 4 5 no ke, el
i B . AR SO R T M, W] T EOR S B E . B ER, X R TZ MR
AR — S R L, 0K 2R SR AR B A A FA N DRI DX o 55— T T, T X R AR R AL A A B R TR,
ME LB H B OGS FARRR I T 2 R B, o0f T 22 0 ARSI 18 A Pk i

A Ao A 0 TR S S 0 B 5 v ) R A T R T e BRAR R R M T IR B T R RS L, R
Xt AR 2 0055 BEAT A I PUN F BT L RARD, MKREEE ST REE . BRI AH O R 22 . 15 A OGP AR RRAE
KX AR BB AE T, HIX IETT AR 5 R Ak Y 32 O B i OB & R W A e i, L S50 1w IR AR A B4
ROE THRAERIE S, A7 5 U A MERD R LIS BI0RIE . D4Rk, R X Irik Bl 75 5 - RPN U, 1%
RIjtk— R Lo TG T A X T KA R i BRI R A, GBS H 3 I b 1 G 4 AR S R ik 3C
Bk [4] 0 TR 2 2 >0 B Rt AR AN T B B DTk . R T b, R IR T A UL AT R R M 2 R 45 5 10 Fob AN ] 3 i 2K
BME S AT IR B R AE 55 b, 20l Sl (R 5 B BRI Rr IR S8, RS & IR BE 2 ) O ik BEAT U, 7 e R
PO 2R AR 3X B 7 95 AT LGS 21 2 88.5% 9 YUK 8 B2 o 76 B0 PAL BE S 45 5 R AR 2 B M), MENDIS 2
R TR B A 0 2% R AT 2 MO ORI A5 5 10, XA D7 A BA RAF BT A RE ) . TU %8V i 5L 15 5 RO gE it
R A O AR B R T, RN TR A o) b AR P I 4 S 0E S OR S BT Y ) B . (R 2R O I TR RS R S
AL BARAT B A5 S R S AT IR BIE 55, TRIE 2 I T iE DGR B T — & i HH B R BIPE A

Oy i R TR, BRSNS RS SRR B RE R A D i 2 R 25 B A o A O'SHEA 451100 35 AR 46 ]
TRE A SR G R, AT A S AU A IR G R S e, B S b B, LIN SFURR T XSl T
B P2 25 1 B AR . ZHANG A8 R T — Fhic 12 I 25, 3 0 265 11 B A 20 B PR T oAy 45 b 4 8 I e 42 0 2%
TE AT 2% Rl LA S s 36 A5 0E B T2, LU 55 7 52 B 85% LA b A U0 R fl 4 o T4 B2 B 22 R 2% o 22
M TFAF 5L S5, SHARAN SEIBET T — Fif il 1 R 188 5% 22 0 45 (9 1 45 5 U0 D7 vk, %005 i AN R 35 R iR
B, X TARASMR L S WA R LT UERE T o Sl (R A S A D A, XU SN 4% HAT SRS Bl
BIME T o LIN USRS PR 8 o o] 26 AR B AT 7R WF 9T, 7e45M . S80e LUk st — 2 il fpgs s
i Rz A i RIAE 55 5K o B IR Ty R EE TR A ) AR B MERR BIGE  OFIRCA TE R BITER RS 1/Q (5 S VR R di
AR R, R EZRATAE S B, st = 25K
SR SN IS X R A SN SR A ISR T
BT SE T, A5 5 U R R A5 7 32 o

AR SCHR H — PR T 2 WU AR S S A G 2R A Y
HL G A 5 U AL o A R 4R B ) £F S AT AL B
ABES T E5 W, BBRRAE ;2T YOLO 444y 52
BLTF Rl SRR AR REAZ I, S T B X AR S A
AR 5 W) 2 SR 55 o (0 T 2 T 5040 A R 52 100 5 40 o
FOE AL, SORFRW, AL AU R R R
Txh IR 2 S Bk

. unauthorized - unauthorized ey unauthorized
1 ZE%m= = device | device 2 O device 3

T S R0 5 10 S A MR B, R ) % I
— FEn — = e 23 Fig.1 Typical applications of signal recognition
iﬁl%ﬂﬂ[ﬂlﬁﬁﬂ?o gﬁil‘%ﬁ‘ﬁ’ EH*%@E’XFE{E@E [zll ﬁ%iﬂﬁﬂﬁﬂﬂﬁjm%%
ZMEMWESE, [F9ZEME T, 2.4 GHz M
BB W E A WiFifE 5 . TANUES . TALEFE T
HL R B A5 5 BRI 0] BT i 38 o — A3 T B RS B R 0 2 2 R [l 8, 5k Ty

y=argmax fg; (vlx; W) (1
yeYxeX

X XRESREARSN; YRS EANEN J=740c; W) RIMEE S, fo MBS REG wh{E S R 50



57 BB, % ETHIERES BRI REESIRALE 757

K YRR T, R B AR B RE S5 0 B AR R R E — AR A S, AR 5 R MR AR B X
BE B WS, B A 0NX > Y, Kb wE THSHEE N o, HEP ERERFI S ERBESH, EEEaE
iff b ARE AR 23 ] L BIME 55 28 0 25 0], PRt 55 B AR AE TR B GG B 280, w22 ¢ XAl R/
e=|7-Y )

2 HiENA
2.1 FESIRAmME

AR SCH T 2 WU F R A 7 R R ERRAS I R, SRR U R R 1 S RIS (S U
f) e AR A A 2 TR

recognition
result

time

. domain
. features ~
—-—

: frgqueqcy feature
. line siona]! domain fusion
Q sampling signa . features

Fig.2 Signal recognition process
2 A5 U e

HOCAE L PR P AT AR SR, REBINE T T RR A

x(2)= h(t)*s(t)+ n(t) (3)
e x(o) B EIE S ) W ELGE; sO) N ERVEEWGES; n@e) ILBR AP S T4

MOBEMAGRRE L, W55 U R vl 20 0 5 SRR Rl . B BERRIEAZ I . 5 5 U 3 R (R SRR R
il I AR AT T v R 1Q R R Ak D Ak i PR KN, A B IR I A (RIS, S U IR] RS AL
FIGRBI R AL, (T gedb B BEAh, S oaPERIA, RSt — B a5 SRRk i nl A Bk, SA 4 48 w4t
B P A A o R B I T R T BB B B A YOLO FI ARG I 84, 5 i REARAESZ AR Y, 7R RR 1K
Rl 5 A RS b T IS, AR FE RS 4 A B S S B AR AE o A5 S TR R I R 58 AR R RE R AR 2 A A R T
PG B AR U T AR, FEBIRC S0 2 ) T 4 A s 5 B I IR A R A i S A L X HARFE S 2B 4T IR
B, IR EN BB R H ARSI H

22 ETFEMSHEES B E

B 351 43 BT 2 — B BE 8 20 A B AR AR SRR 5 10 0 T, FDKE —4E 0 B 7 A5 S S B 4k i i A RS, B
A — M5 S AR R RUS  BEA R IE . X T E Y, BEUE B R R N R, WEEENEE T
T RS R SRR S OCHEE R, DR e A B R B B AR S R A B EEAAE . T R
TR SR A S AU A L, A ] S b At ) B — 2 A 3 B N A R

A SR FH 36 T S i B2 045 e (Short-Time Fourier Transform, STFT)!815X — [k #5i 43 #ii 2R 25 (44 k45 40 A 380 3% 5
RAT 7 B A0 AR AE B @A, ) B 8 34 1 AR B[R] OB 2 S 4R BE I o3 A S 0 . RS 5 R R  x(u), H STFT nf 3%
INA

(2= | th(u)h(u—t)e’jﬂ“du )



758 ABEH PSR TFERSRE 52 %

A () T R . STFT & So Al % ol SO Bl A5 5, SR 5 X I AR A0 A5 5 1 A7 (e B oo A e 45 381) HE 00 R e 4
IR B S A B S BBUE S, SR A R R A B S S R e AR e % RO, R BRI (S
SRR, IR A SRR AG, AR A R R A R AU, BB R St IRl kR, A
AW AR

2.3 EF YOLOEE K4 5 B =4 MR 51

FAEAG SRS S Ay B ab B3 IS, ARAS B A5 S R R 8T B AR E S R & T SRS S I I U R
FAERAE B, MG 7 R AL, (5 SRR 2D R . TR b, TR 7 I o R R A
ERCEIR Pl 3 P DO NS S v N U ) N S R 2 o= R R S DN S L SR R G S i P S W
J LB F AR S UM 55 .

A B AR ARG 5 FUIAE 55 BATRRIRIE . — 2 03 S ke AR e, SRAE B RS 5 4 B 5 vk — 2L,
R T RLHRRR B R /NG5 R X PRI 55 19 T3 s R AR A R AR 5 0 I AR B MR R, PR T R
R o B A AT 5 R A AT IR s =R &) STFT WME S HHER G AL 2, BAR(E 5 AR AEC 15 20— 2D 3o, AT
X5 H b G ASE Y R A R R o S R, L B AR AR S U 55 A AR X ARG R A AR 1 SR, S
PR TR EL RN — KEERN K, HILEE YOLO X — B e i T B 17 H i H bs (5 5 3 N4 A9
YOLOHEZERH] “— " HARKISE:, BABERAKGIEE, fTRIWE FRESR A 5K

W26 1 25 5 H pr il U0 i B AN Ak 1 TR o SR AR AR AR BEAT N S, DA 2R ok R Sy TR AR 4R T ) £8%
TSI s SRS Sk > A I 2 B Be i 9 25 R 80CR 78 TR I SOR A2 SO 2B Be 4 o s L DRI 2R A 32 i
ZHNT B,

BRI RS B e i - ) o 72

A WHREFEARGIRE: s, BEG®,y5 we h®); WHAEREA: s,

By MEKAERBIEE R B (x,p, w, h)

BN

1 W46 4625 B YOLO R

2 for ¢t = 0:xepochs — 1) do

3 M TAUE o I REREA s, TSR B, (x, y, w, h)

4 B, (x, v, w, h)y=f(8,,®)

5 RN HE 5 5 SEHE 19 28 I HE (Intersection—over—Union, ToU) . 3 —fL{E v AISE#7 K T o«
| BB

6 IoU=
|BU B|

gt 2

4 w w
7 v= —|arctan — — arctan —
b1 he h
v
1 -1oU(B,B*) +v

9 T2 pREL CloU loss :

8 a=

p*(B.B*)
CZ
11 5 FH BEHLER B T % 25 (Stochastic Gradient Descent, SGD)H AL E w :
12 optim.SGD(w)
13 end
H A A i 51 B B
14 return B (x, y, w, h)=f(5.®)

10 CloU loss = IoU (B, Bg‘) - —av

3 RWHERESHT
3.1 BEBENA

AT BB EAFE ISy . — T R AT AN SE , BRI N S AI-EMADIE IR T A
MLIE 55 59— 8B e e A T EREE T, R 2L T 345 v] 2 #2185 51 (Field Programmable Gate Array, FPGA)



57 G PR, %F: ETHIMES BRI RYEESIRALE 759

AR AT REMNTANL . TANEGBES, BN LB, T SRR 5 .

IANFEBIESE S, S AL-EMADI SR E M E S A& T %A L AN A1 560G S . 32800 AP0 S 15
S, BiEEA N 40 GB. 342 T8 A M4 A Parrot £ 77 Y Bebop JC A ML . AR J& A HLAN K 8 4= 7= /) Phantom JC A
Bl SRAE M BOR 4 2005 Ky 2.422 GHz, RAEHE %y 40 MHz, BAKZH WL 1, 45K ANLE S | B8 B BRI %
FEASEL .

g BRI o A A AL S B N B B, R 3R T FPGA i I BE R R A&, A TS NIREE T RETA
m\%kiﬁ%oE%@a3%%AMﬁ1%%A$%%ﬁ%%,ﬁﬁ%%ﬁsm&s%ﬁkmﬁﬂﬁ¢#%%
& X8SE 2022 JC AHL. K ¥ DI Mini3 Pro JC AML. Drone 4= F= A JC AL ; JC A4 K Stm32 UK E /R LN 4. %
G RRE PV REL 2001 R B, BIT2800 4 R B, B4R B & A 6 553 600 4 RAE, B R 26.7 ms,
X IR 4 B AR S A TR R PR3 T UEAT SC R 46, RAEEN ly 2.4 GHz, RAEZ N 24576 MHz, IR
HEarSE st 2w T ANl . T NER TAEMB . SEBcdl fE BAR S 8LR 2 &1 3 M8 4 h B or ARl 2K (5 5
T 28 35k B AR AT Rl i 1 R 3T T 491

1 NIPEIRETEHNE F2 SLMBARETEAMNE
Tablel Detailed contents of public datasets Table2 Detailed contents of experimental datasets
drone model number of data fragments sampling points signal source sampling points working frequency band /GHz
Bebop 84 1.680%10° Feimi X8SE 2022 6 553 600 2.400 0~2.483 5
AR 81 1620%x10° DJI Mini 3 Pro 6 553 600 2.400 0~2.483 5
Phantom 21 420x10° Drone 6 553 600 2.400 0~2.483 5
No Drone 41 820x10° Stm32 unmanned vehicle 6553 600 2.400 0~2.483 0
100 100
90 90
80 =~ 80 =~
70 = 70 &
-0 8 )
N 60 E’ £ 60 %
& £
50 Q Q
: = & -
40 & 40 <
-100 8 -100 ¢
30 z 30 S
& &
20 20
10
-150 o
0 " 150
t/ms t/ms
(a) Feimi X8SE 2022 (b) DJI Mini 3 pro
100
90
02 80 “E
m D
. 70
-60 3 g
= 60
g w0g 2 50 2
100 & 40 €
e 100 £
o N
z 30 S
-120 =
20
-140 10
-150
0
t/ms t/ms
(c) Drone (d) Stm32 unmanned vehicle

Fig.3 Example spectrograms of drones and autonomous vehicles
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Fig.7 Signal recognition results for eight categories
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