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Physics-constrained multi-task learning for intra-pulse modulation
recognition of radar signals

Wang Mingjun'**,  Guo Zhonghao'
(1. School of Automation and Information Engineering, Xi’an University of Technology, Xi’an 710048, China,
2. Xi’an Key Laboratory of Wireless Optical Communication and Network Research, Xi'an 710048, China,
3. School of Physics and Telecommunications Engineering, Shaanxi University of Technology, Hanzhong 723001, China)

Abstract:  [Background] In complex electromagnetic environments, intra-pulse modulation recognition of
radar signals faces significant challenges, particularly in terms of poor adaptability to low signal-to-noise ratios (SNR)
and low accuracy in joint multi-parameter estimation. [Purpose] To address these issues, this paper proposes a radar
signal intra-pulse modulation recognition and parameter estimation method based on physics-constrained multi-task
learning. [Methods] First, a feature extraction backbone network was constructed based on the attention mechanism.
By extracting physical features in parallel, such as time-domain rise time and energy compactness, as prior constraints,
the network was guided to focus on the essential attributes of the signal to enhance noise robustness and
interpretability. Second, a multi-task shared encoding layer and a hierarchical feature utilization architecture were
designed to jointly optimize the intra-pulse modulation classification and pulse parameter estimation tasks.
Furthermore, a signal time-frequency reconstruction decoder was introduced to improve the completeness of the
features. Finally, a dynamically weighted loss function was utilized to balance the multi-task learning process.
[Results] Simulation results demonstrate that under low SNR conditions of —10 dB and —5 dB, the recognition rates
for five types of typical radar signals reach 88.57% and 99.11%, respectively. Additionally, the parameter estimation

errors are significantly lower than those of traditional methods. [Conclusions] The proposed method effectively
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improves joint recognition performance in complex environments, demonstrating high potential for engineering
applications.
Key words: intra-pulse modulation recognition, physical constraints, Transformer, multi-task learning,

parameter estimation

15244 H 45 2 2 M LR B E v, BT TR IS R R AR TS, BkNAE S O X B Zg Z et [, &2
A BN R 5 LA TR IR A5 B Bk IR R A SR 5 2 2 BORT A T T I IR PR A A5 e K A I RO 5 3
BRI AL TR TR, AR I S BRI R T A3 20 A £ B SR £ ) 5 RS S0, DL K
iz FH 73 B 4 LIS 4 ) B 3 A 5 20 i S T AT, BB S A SO ) REPILAE R 0 SR HEAT BT i S R
SR, N TRRAE TREA AT & R 225, FLZEARAR 8 LU T R R B W PR 22, M LI 107 167 12 S 1) i afs ) A B 5K

T ARk, TR A7 o G AR 5 R B RHAE [ AR ICRE ), 72 AR 5 RN SRS T R Y A AR 2 R 2%
(CNN) "2 71 Transformer Z2F4 " $¢)"72 BH] T\ 1/Q 7 1) i I A3 ] v £ BCR 22 AR, S B 1 3 38 v 1) 32 15 2 8
it B4, Zhang 55 AU 4 7 — Tl 5L T bk it A < B IR A BRI 46 (TFCN) 5 12, 388 3k I A0 A 48 BCRR iE 1
CNN f5 — 4k J7 91§ Ak g —HE PR AT 00 28, A AU o T2 R IR & 5 T W45 5 0 e S U R . Guo 45 AU £F
X R P 7 R i S R R B T, B3t T RS TR S TE R HLE 9 CNN 24, 1Bk R AR i 2R 5 R et i e e
ERI IR AE ST, S8 T8 16 MR I M55 B9 M R0H N o A Sl B 3K 30 75 VA VR BE DL, 35 38 A7 fE A8 Y < TR &7 e
PR AT AR REE AN AL | /NEEAS B S R L AL RE T 55 SF R, R ok L3R SR PR, Rl ) B SE I RREG J7 H
WA FE R AT o AN, iz 2 N1 R RN ok B R AR 5| 5 TR B 2 ST R, AR T 1A Y i R R B
FIRAE ST o Fan S AU B AL HL R AE A 5 TP SSGI0 IR, B0 3 5 T AR M LU A SR A R 1 T i
R SR, BUAT BE ST 2008 W) BT S 7 Bh e A, R BB 28 0 1 b Hs A DA 24 TR T 43 R A 0 46 48 2k o B s 45
Hh, SRR R T A S M R T AR SR A R D R 2 SRS A THRE BEA A B TR S )

Bt b AR TR, A SCHR M — Pl & ) R R 24 55 2 o 1 B A A S KA IR R U0 5 2 T O i %0 i
BE T B LA AL E R A S BT T R 2%, o b RN ] RE A v R AR B AL B AR AEAR O Se g A RS AR rR L,
G153 W2 SCTEAR S A BUR M [, Bt 24T 55 U R 2844, BRA DE AR Ik iR i 23 26 . 22 4E Bk oh Z 80l 5 15 5 E A
155 o SCER W], %07 A BT 1R AS R LU AR PR TR B R AR e IR, 0 38 8 5 17 AR ) L MR 5 R P 5 0 B T
BEPE, $RTF T2 2 R BEPR ST IR A TR 5 Al PR fE

1 EiPEM
L1 BiEfESKE
TER IR R G, S0 (RF) (5538 % L 48 R0, T 20 b3

s(t) = A(t) cos[2mfet + P(1)] (1)
K AONE T AR LE £ PR, o) NI HIAHAL . S AE I XHE 5 PEAT A3, 7538 3 1F 28 A8 M H HL A
el E B E S (V) ZEA%I0H

§(1) = A0 = I(t) +jO(t) (2)
2. IO Q)4 5 A 15 5 I [F AH (in-phase) 43 & F111E 28 (quadrature ) 73 &, ‘B 1152 3 Al T 15 5 69 08 BE MM 245
B 2B HER NS SEG TR SRR . X R R AE S AT IR 2D SR AR, 15 BB U 1O BT A . R, X
T—MKE R NWIES, A SRR A& — 4 Z 4k &, |

I, b, Iy
X=
QlaQZy"'?QN

X L =1nAn; Q, = QnAr) . RPN Iy N 1/ RUE TE BAIRE N — AR, Sy 7 22 PR B b 22 I 2% [ isf 1 A 5
(1 e JBE AR (7 R A B L 17 R
1.2 BT

Oy 0 Al R PR AR B A 2 B, AR S AR S B BB 28 19 2% ( physics-informed neural network) " JEUAH , %
AP REAE SR 5 AT B A L X R R AN B 4 R R A S A B TRAT: 55 1 M AR

XTEER) UQ FFA, B it B

:|€R2><N (3)

093003-2



EWE, & HETWELARSALSZ SIS IEE S IR HR

E[n] = \I[n]* + Q[n} (4)

(1) ke b 4B 8] s SRR 3R A5 5 Tk ol i 30 100 I 0l 2 B2, 2% DX 40 AN ) ok v 7] o1 26 8 19 o A4l . 22K (4)
FE TS H— L Evorm[n] = E[n]/ max(E) B 10% WEAE 1 BE 1 3] 90% U4 {5 I B2 Jir 28 Iy %) B 1) 880, JF A7 00 —
b4k 23
T = argmax(E,om[n] > 0.9)]:,arg max(E,oml[n] > 0.1) (5)
ST L P s T 3 X 7 TR Ik e, T AR Y b P s ) D T R S s e Ak I A AR
(2) BE AR T B Co: 2 FRAE i AKAR 5 B it 26 B (B) b L g o A R . JB 1153 R AR AR 40 A, FR B 80% &
RE T A B A TE) 2 O, 5 RS S i (iR

argmax(ijlE[i]z > O.SZilE[i]z)
Ce = ( 6 )
N
fie 5 48 R R B 5 (Can Bk b 5 5 ) HE g i 3 S SR AR AE DK o A L[] A i S S 908 i 45 5 70 e 2 o AT ) B

HIY

WA LTI AT S K0 S R R S T S L A %1 EMEAESERERENL
F Bk {pl:f%*ﬁu (Coherent Pulse Train) 1 ﬁ%%% i E‘i{f& , /ﬁ\:ﬁgi Table 1 Comparison of energy compactness for
E AP B Y, A RN . LEM S five typical radar signals
O RE B4 TP Rl 0.345, BURA —E Y R, (H SR AT B 4 signal type energy compactness
o ELSERSA ARG S ST T AR LRI I S| A, A 5 LEM 0345
A AT XS 538, 53504 0.392 F1 0.475. Frank % {3 5 fig 5t 43 1 Barker 0392
B35, S T B L PB4 £ PRk F Frank 0-536
A R Polyphase Barker 0.475

Coherent Pulse Train 0.183

(3) W I AR AR T7 28 o2 R RRAE A 4215 5 90 B I 1] 22 1

P SIASRRPE o 3 AR A7 22 50 T — AR R BB R froln] = % d(z[tn] CIRIETHR I 28
o} = Var(finaln]) (7)
P 5 A0 A 5 A B ) 10 2 403 28, A SR 9 A 5 (2 LEMD 19 22 B35 RN %, i T LR 3R 9725

Rtk
i R bR =AW BARAE AR D 5 ) HAR, 515 0 B2 TR EE Tk TR I 4% (PCRNet) 58 0 56 T 8 38 15 bk 1A 30 il
PR ) BRAS S5, DA $2 T AR AR AR M LU PREE T f0 R E S SRR g 0 e 1

2 ETYEBARKNSESEIFRE
21 ERGZIEZRE
A SCHE A Bk T R S S8 R RE SR AR 1 R, EEALE SO (1) BOE AL BEAR B, 52

data preprocessing feature extraction multi-task learning
backpropagation
physical feature " ltictask |
1Q signal input [—>| calculation »| transformer » multi-task head > MU tl'taSA 088 » task outputs
(preprocessing) encoder function
$ 3
physical feature
labels . .
supervision constraint

Fig. 1 Framework diagram of the system
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Fig.2 Schematic diagram of feature extraction network structure

P 2 R AR MR 265 45 R R B IR

multi-task module

) 4

[ global average pooling ]
feature prediction I

* /_v_\
4 classiﬁcation\ /~ spectrum parameter

prediction regression

| layernorm | | linear | convld
-

flatten

B

avgpooling

linear

|

A 4 A y

A 4
output output output output

Fig.3 Multi-task learning module
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Fig. 5 Confusion matrix of PCRNet under different SNR
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Fig. 6 Comparison curve of recognition rates of various models under different SNR
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Table 3 Performance comparison of various models on parameter estimation tasks under different SNR

models MAE(n,) MAE(fpw) MAE(tyri) MAE(tg)

CNN1d 0.729, 0.193, 0.085 1.413, 0.560, 0.340 0.999, 0.330, 0.209 1.349, 0.385, 0.206

IQST-L 0.752, 0.195, 0.124 1.253, 0.579, 0.334 0.799, 0.286, 0.225 1.253, 0.379, 0.233

LST™M 0.573,0.129,0.119 1.207, 0.400, 0.274 0.767, 0.282, 0.226 1.168, 0.370, 0.351

VGG1d 0.758, 0.210, 0.180 1.393, 0.575, 0.400 0.942, 0.389, 0.354 1.649, 0.638, 0.558
Transformerld 0.722,0.207, 0.141 1.372,0.744, 0.498 0.810, 0.320, 0.226 1.388, 0.515, 0.393

PCRNet 0.398, 0.025, 0.023 1.049, 0.408, 0.238 0.580, 0.203, 0.149 0.860, 0.274, 0.192

4 & B
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