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Specific Emitter Identification Based on PID and Deep Convolutional Neural Net-

work
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(1. College of Communications Engineering, Army Engineering University of PLA, Nanjing, 210007, China;2. Guodian Nanjing
Automation CO.,LTD, Nanjing, 211153, China)

Abstract: With the singleness of the training sample, the phenomenon of overfitting occurs in the deep
neural network when used for specific emitter identification (SEI), which in turn affects the accuracy. In
this paper, a deep convolutional neural network (CNN) structure based on PID algorithm is proposed to
alleviate the problem. The structure builds a feedback loop between the output layer and the input layer of
the traditional CNN, transforms the error rate of output layer into the probability of dividing the training set
data by using PID algorithm, and inhibits the overfitting by optimizing the composition of training set data.
The average recognition rate of the network reaches 92.59 % when the method is applied to the recognition
of ultrashort wave radio. The variance of the recognition rate is about 1/3 of that of the traditional
algorithm, and the training time is reduced by about 35 min, obviously the performance of this method is
better than that of the traditional neural network. Experimental results show that the algorithm can enhance
the robustness of the deep network and effectively suppress the overfitting phenomenon.
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2 ETPIDMERME MK H R FIRAN T E

2.1 BRWERE A THEHFEIRSE &A@ =S50
AR B AL T A5 T FEMOHL R SR 15 B A S LA 3 B9 A5 5, 8 ] T 48 S DR . IR 4 4 ik



666 R E B L Journal of Data Acquisition and Processing Vol. 35, No. 4, 2020

HURERE SRR N
2,(t)=r, (t)+ C.(1)+ N:(t) (2)

Ker, (0) N RSHLE 0 K A5 5, (0) HEEBHLR B BG5S, C, (¢) N, (¢) 53 590 8 15 18 Rk A
R MR RRE O R STHLT .

e 45 BRI 28 0 26 )11 Zhoiod B v, B 2% AR UK 3, I 2R B 10 108 22 25 BOR BN . T 45 A1
I N S B 158 2 AN WY AR 1% T B, 005 4R 1) TR A S8 AN O A 4t v B0 & T O T

&l 2 kg 35 S B3 45 5 B R AE 4 A R =R, v 5 B IX
AR SRR RRAE, 3N RDE X R 398 & S LK 5 i
155 FRAE M0 DB X5 R (5 AR IR o 40 R I A 15 18 Fn g
iR N B R e ol O | s g i L2
I 2 RE f% 27 ) B 4 2 R S AL AR 5 R AE AN [8) &2 S FLAY A5
SRR A, R 2 EDE R IR X B AR E S (H )
SRS AT A TE S WA N T 2 I 2 34 0 2 o) B AL B
R RYRAIE o F7 02 215 5 1 SR AR R B B — CRAE I
(] BE AR [H] | & 5 HL 25 B) 7 1 R i 45 ) B £ 3 R AR 23 g BE AR
B, 3 7 ™ T e R B I 2 B I L B B s R B LA . Mg T I LG B SR B AR L
ﬁﬂ’ﬂiﬁu/\%v#ﬂjﬁ—ﬁ,Mﬁﬁ%%fﬂtti%—%%%ﬁ}%iﬂ%ﬂ$ﬁ@,,ﬁ\ﬂﬁé‘ﬂﬁwﬂ%ﬂ%ﬁﬁﬁﬁcﬁ,EJZIHR;:'J%
TR

YT —A =K E R AR, Y E R A
I, 328 HL 5 Y J 28 158 S Bl 2k AR Bl i A2 1 th 2 25 i
RGN 3R

XFF AN LA A3 2 H bR iR B2 45 B 2 N 4%, DF il
N = OB ok R S S Ry VA S s A i I 2 D O 62
— IR GBE I 2SS T RE AR T, B A BT
PRAE DR I3 S I, B — S 1 1 o5 g R D S5 A 3 40 A, B

r.(®

N

El 2 RRAESR TR A
Fig.2 Feature distribution diagram

YRFRE)

| AR
Pa=k)=1/m ) 3 HEBUR ARG B
P,=[ P',P? - P'] (4) Fig.3 Diagram of error rate stratification

K PORIRER i R RGO B R AR, m Fom r KR,
Po 7R H AR JBE TR A ) i, FER M SE AR A, ELZEJE AR5 m AR
2.2 KA PID 75 & R IR R B W 4% i3 L & 18] &

Pl 4 S 3T PID FY T 2 4 1 %Elﬂéélm%ﬁﬂiﬂilﬁlﬁﬁﬁ?ﬁf%%%ﬂ%?ﬂ?ﬁlﬂ%,Eiﬁ?tﬂiﬁﬁ‘u/\l‘ﬂiJJH
— A S g, B 4 rP i BBt 20 T8 o SR PID SRS i 2 2 0 R 5 SR A D 5 R B o e R Y
A, lt%*mzmﬂﬁé&ﬂiuﬁmé’ﬁ%iﬁ'?Ulléﬁ HEAT SR AL 27 LIS B B R R R O F R T
il i A

MR 1 4 9 R GEME P, Bt 1 2% T PID A9 TR BE 8 AU 28 R 2% 5905, 1 2 I 2o 72 \PID B335 9 4



& Ie — A& T PID Ao K E A AR AY 2 ) 25 69 55 91 R A2 5] 7 S B A 667

J452(PID)
l JRHR1
NERAY.
. x(®) el ity (1)
e | i TGRS A
okas | LTI N At S
X [[TTTTTTTTTTo ] ﬁﬂjyz(t)

A MLz , i
Wik ) HHRE il

P4 T PID B TR 4 BR 22 (0 46 45 4 ]

Fig.4 Structure diagram of deep convolutional neural network system based on PID

D BN o A 34T T SE B
(DNt B o AN b BT B0 2 (¢ ), 3 2 B0 o0 S i B BE 4R 0 W oy (2) Ry (2)e ey ()38
U R G, i AL 1 5 softmax):’iﬁﬁff%iﬁgéyl ), VA S R RO e S 5 13 A R e £
BERE X M S RO . R, o (O IWNGRR GG o y. (1), 5 y (0) & IF R 05 H R
RN P(1)e 2 HATFEAIRE “(HALIG N Q (), M AR HEA 1Y 32 N 5 2k

H(Q.y))= *ZQ xy)logyi () (5)

A m TR oL E.
(2)PID Sk Ja s i . YT iR P (1), BIREE RN Py, MR 24
e(t)=P(t)— P, (6)
P i 1
u(zf)ZP*e(t)+I*Le(z‘)dt+D*%
K P, 1, D 4y 5137 e300 BR300 S0 T 04 R 88
KT AE TR EE o> & AR XS w () AT IH — AR B . A SR R Y sigmoid pR R SE BLE

il H U — Ak, i R BRI U

sigmoid(x )= . Jrle - (8)
wm A
p(1)=sigmoid(u(z)) 9)

(3) Bt o3 Ao o B 7 s DR S I R 48 HP IE 5 Sl 2 ) Bdis LU il o P 5 0 AR SR T B B8l 7y
KA AL, B BEALEOR R AR S B L LR AR R A . T T ORIE R R A HdE AR S 2 5l
Y, T BN p ()M — DA B o0 Ko B J5 OB S REDLECR A= 87 A B8Ol L 8 B4R 1 2 1)
25U 2 B s L Bl A

T AE TR 0 2% et BT IR A9 3 R CR RS RE AR R 10 UC, 1A 1 U S R AR B9 TE A R



668 R E B L Journal of Data Acquisition and Processing Vol. 35, No. 4, 2020

Ho T NRRTFM AR A SE, 2 R IE 8 70 R REAR
B, W IE 5 R B AT R R

accuracy = % X 100% (10)

2.3 PIDSHIAT

PID Bk b 0 1z, B i 2 805 2 1 ik
JE AR 22 W W5 5 1) R0 E A A B e s T 4
T E W ME T AR S KR E S
A TRM T PIDE S, BT 4N BS8, 75050
P.1,D U Kt 0. 456 ARSI 2 05 1k il it
ZWLEAFH TR TP EE .

T R R, B B0 R AR A S (1) A
VAR RIGHE I . AR R T WA, IR P, &
JEREE T I T4 E AR R ORI D SR

Sigmoid(u(?))

PS5 B o A i

Fig.5 Data distributor composition

®1 4MBSHHE
Table 1 Four kinds of super parameter values
g3l P I D o WHIE/Y%
S HHE 1.0 0.07 0 0.4 92.59
S 1.0 0.007 0 04  92.04
S8 1.0 0007 0 0.1 90.72

S . PID Z BT ARG 2 RG-S o (2) S BCETE b o S80d O, W27 P il o B2 ok, 4%

HEAMG AR AN BRI AT s 2 B/ 03 42 56 3

ooy WS AR 52
3 XRMFE

FESCIR B AEE T oRAE T 38R I & 00 e G
559 B o G TAETE 34 A A i 450 4 (554 6] B
2MHz), TARIRE A S ELE G . BESECRA
XU FFAE , B 215 5 i B i i — b, 3 X0
T T EE AR T AU B B2 TR R R A R R
BONEFRGR T S, K6y —BH A
5D R IR YR XU 1R K R IR B A XU R AE 1
M9 1FTHEL, B ML R 43 28 Y 2R 4R (1 085 A4 ) A ik 4=
(1211

RS 10 5 BRI L 45 10 Z 4 (5 8446
FUZF 2 A 2 & 422 ) L WO R B 2P 8 Ui oR 5
(Rectified linear unit, ReLLU) , #i k75 =k fe Kb ik,
W 26 A QIR 7 BT 7R o SR T B Ik B A 2 R 1 n T 2
o 2 B X B %, SCHR[9 Pk T B — 2 it (L 09 O 25 4
STt Xavier ZEW IR Ir o W IR U
92 B N2 B 93 A 2, 7 565 4 2 0 A,
WO A ] RN

N KEHIEA S 5%, S 2NN

Bl 6 —BHGES =40l

Fig.6 Three-dimensional bispectrum diagram of a ra-

dio signal

128 X128 X32
128 X128 X3 1%3 8

X8X32 B E+ReLU
_1:lX3Q%jC?MEE
1X1X2048 @4ER:Z+ReLU
softmax
16 X16 X 64
16 X16X32

F7 1024 R0 22 ) 26 45 4 1]
Fig.7 Ten-layer convolutional neural network struc-

ture diagram



oM E.—F LT PID AR B A ARAN 2 W &6 554 R LA AT R

669

6
W~U|: \/nl’+nz'1

(11)

6
, n,ngy

WU TS O T R 2% A 2R 3 U, SR IR R Dy 3R SR i M . UITZRT 5 0 644 Winl0 REE,
Python3.6, B 424 /NK 22 4 Pro, 4b 3 #5 4 Intel Core i5-8250U,8 GB N £,

3.1 TEAKERSH

K FH A% 5 3 B 28 I 46 0E A 8 59 D1 44 1L 33
B, P50 8 B 3 AR B A Akt 2 i 1 8 T o
AT RLR B AE 3RS TR SRR — I B I
S 3 AR YR B B e B K BE R B TR E LT
91% e AR S B 2R B R A i — 4T
B Hy BT TR 2 90 A bR B i R R S .
JUE B 4 H T Dropout 77 ¥ 0 il i3 #1 & , 1H H: 5L
IR HAR R R AE

BREMEDIEIAR

18 55 3 B 22 190 24 1 gk AR o, LU A % e i
B AR AR A 2 W 9 R . N 9 rRmp L
B LA A P R R R AR 3 L A R
P RREM, A THRAEFSRELREARET
SR AR A M Ll v W 7 A OB 14 5 o A X AR . H
SR AL 5N B — A5 65 43 I8 B2 A I A5 5 ) A
KRR BT R A

3.3 MHANEMESEYRER

G AR B T AL G 3 B 4% 0 Bk 2R R 4% 3 51
R BE A 25, R 2w . ] DLK B i
oA HE T R 2%, 145 HL B I B R R AR TS G 4 B
R 0.513 5 0.464 7; H3 5 H AW
FERAR 0,119 S5 H 0.196 5, —F#AE 1 & H bx
WER )y W B o [ B g a7 00 4% ) 5 158 R 2% B
BNTFAEGEB M4 R 0.018 0, H L, /]
DA S50 A SO T 1 S 150 TR 3 T T AR
A PID 557k 10 2 R 28 ) 45 Fi 0 )8 28 090 4% 1 e 1
i

3.2

0.86
0.5 0.84 L . . x L = =
100 120 140 160 180 200 220 240 260
0.4 IR
—~— 1k —— F2Kk LR~ IR
0 50 100‘ 150 200 250
AR

8 A58 45 TR 2 0 26 X |y & 1 43 U380
Fig.8 Classification and recognition effect of traditional

convolutional neural networks on radio stations

1.0 —
0.9 [L i £ 1 [
0.8 —=—4
0.7F,.

506

=05

o4
03
0.2
0.1

0'00 500

[useypsigying
opopop
W N —

1000 1500 2000 2500 3000

AU
CERCT TP

Fig.9 Error rate curve

x2 RABREMTELLE
Table 2 Identify error rates and variance com-
parisons
GRS e) 1 2 3 =

1G5 MM4  0.5135 0.3667 0.1198 0.0396
MeHERI 4% 0.4647 0.3388 0.1965 0.0180

P 10 2 2 760 I 45 £ $ 531 36 il 226 Qo ) 2 A o 2k, 1 0 46 B R0 45 1O 3 2k AR SOy 3, U0 =R
TEIEARYEL A 150 26 A7 I, JF 4 1 U B o i e st A A AR I 4 ol T 184 0 17 %o i o A R RS A 2 3R, 432N
Il AR AT TR Sy 326 AR B D iR LR B o DR R AR R 8 - B T PID B33 B0 A B 22 0 25 T R T



670 R E B L Journal of Data Acquisition and Processing Vol. 35, No. 4, 2020

A G MR T M RZRE N . KIRWME 095
TR 2 W 46 (0 PE R S50, MOR ISR B, A SCITIE L 085
R E MR AR RES, iRy 080
92.59% o MIUIRTT 22K F AR T IGIER - oo

0.90

#0750 | %

Jr A HUN B AR R . IR ool o TP
) ) . . ] 50 100 . 152 200 250

PRI T 35.3 min, P00 B 1 A 4 BE AR A by . .  BEE BRI

. . .. 0 50 100 150 200 250

A KT T PID 4 UM 25 9 46 e g 0 4 UK

b5 R SR A B 4 2R RSB T P10 T o U ¢ 2%
R U R TR RS TR A R T T Fig.10 Curve of correct recognition rate
R,

®3 FWIMEEREILE

Table 3 Two kinds of network performance comparison

251 TR B 5%/ % BT 22/10¢ IG5 249 B/ min
15 52 45 TN 4% 90.20 1.06 269.7
e 1 7Y [0 4% 92.59 0.38 234.4
4 ZRIE

RSO S DR O IR AT T RS B X RR ST IR S AR AR U R AR R L B R D, SR R

P22 19 2% ) LA $EL T) AL, 48 1 1 3 T PTD LA Ul 28 100 2% 1) 4 S DR IR U B0 0k o Bz S Tl
R LB TR, S 45 SR R I, AR SCRE LU AR e 306 U R i, S B U 3 92,59 00 5 RO 7 22 HE/DN
AT BRI AR TT 22 249 g A BRI L 173, U T S ik Y 0 25 ARG SEOCR B O R E s NG I R D i
LN R B LA GEM 48 D, S0 2 R SR . B AN R UL, 2k T PTID IR JEE 25 BR b 28 I 4% 14 31U 530 725 g
08 58 IR S DR PR 1 23 2R AR AR ORAIE 1 B B SRR S A [ I, 3 1 S BRI T A A
JE AR TR ARG R o TR AR SCRA W O A R SR T — A R

B 30K

[1] YU S, JIA'S, XU C, et al. Convolutional neural networks for hyperspectral image classification[J]. Neurocomputing, 2017,
219: 88-98.

[2] CHENY, JIANG H, LI C, et al. Deep feature extraction and classification of hyperspectral images based on convolutional
neural networks[J]. IEEE Transactions on Geoscience and Remote Sensing, 2016, 54(10): 6232-6251.

[3] GOLDBERG Y. Neural network methods for natural language processing[J]. Synthesis Lectures on Human Language
Technologies, 2017, 10(1): 25-30.

[4] TANG CS, SUNJD, ZHANG Y D, et al. Multiple sclerosis identification by convolutional neural network with dropout and
parametric ReLU[J]. Journal of Computational Science, 2018, 28: 1-10.

[5] GEY, ZHANG R, WANG X, et al. DeepFashion2: A versatile benchmark for detection, pose estimation, segmentation and

re-identification of clothing images[C]//Proceedings of Computer Vision and Pattern Recognition. Berlin: Springer ,2019: 5337~
5345.



%

fa % . — A T PID o i B A A A0 2 W 44 09 55 55 B 17 5] 7 = AF 7 671

[6] KUENJ, LIUT, GU J X, et al. Recent advances in convolutional neural networks[J]. Pattern Recognition: The Journal of the
Pattern Recognition Society, 2018, 77: 354-377.

(7] BRI RIFEH X AR 2E  HE T DP M2 100 4% (9 PID $5 il 4% 2 BOR A [T ). B T R 2224l HARBHE A, 2018, 51(3): 26-30.
ZHANG Yongzhen, SU Hansong, LIU Gaohua, et al. Parameter adjustment of PID controller based on BP neural network[J].
Nankai Journal (Acta Scientiarum Naturalium Universitatis Nankaiensis), 2018, 51(3): 26-30.

[8] HANJ, ZHANG T, REN D, et al. Communication emitter identification based on distribution of bispectrum amplitude and
phase[J]. IET Science, Measurement & Technology, 2017, 11(8): 1104-1112.

[9] GLOROT X, BENGIO Y. Understanding the difficulty of training deep feedforward neural networks[J]. Journal of Machine
Learning Research, 2010, 9: 249-256.

[10] SZEGEDY C, LIU W, JIA Y, et al. Going deeper with convolutions[C]//Proceedings of Computer Vision and Pattern
Recognition. Boston, USA: [s.n.], 2015: 1-9.

fEEE N
EPE(1989-), 5 , A +-HF 5% FE£BA(1972) , B, @l # HRIEE(1990-), 5, i+,
BRI I IR A BRI 55 5ER WFGE 7 1]« 55 RE LY
{55 4b B, E-mail: gmabj@ Ab 3R HLER = 4

126.com,

B (1993-), 5, #i - F
g8 IR )« R A B

ERZE1963), 5, # 4%,
W55 7 1)« 2 R MR B Ak
H,

(%3 .%IE)



