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Abstract: Interference identification is a critical component in enhancing the anti-jamming capability of radar
target recognition systems. Compared with single-type interference, composite interference poses substantially
greater identification challenges due to its structural complexity and flexible combination patterns. However,
most existing identification methods are purely data-driven and fail to incorporate interference prior knowledge,
resulting in performance bottlenecks in complex scenarios and limited interpretability. Moreover, many
approaches lack effective noise suppression mechanisms and are prone to noise overfitting under low Signal-to-

Noise Ratio (SNR) conditions. To address these limitations, this study proposes a prior-guided, noise-robust
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multi-label recognition network for radar composite interference, which exploits time-domain symmetry priors
in different interference types. First, a coarse-to-fine denoising strategy is employed to suppress noise while
preserving and enhancing their prior structural characteristics, thereby alleviating noise-induced overfitting
during the recognition process. Second, an autocorrelation-based symmetry score is introduced to quantify the
strength of the interference prior. The score is then mapped into a gating mechanism via a symmetry encoder
to guide interference feature fusion and temporal representation learning. Finally, noise intensity and temporal
features are jointly embedded into the recognition network, further enhancing the robustness of the proposed
method across varying SNR conditions. Experimental results demonstrate that, under low-SNR conditions, the
proposed method achieves average recognition accuracies exceeding 90% for 15 types of intermittent sampling
repeater composite interference and 30 types of complex composite interference. Moreover, the proposed

approach outperforms the strongest baseline model while significantly reducing model parameters.
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Fig. 1 Eight types of interference model pulse compression results
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H,  Flon NEXTFRGmD 5 i 7 21545 2 I 7 4
TE Mg SV 75 Al TH IR 28 0 HE R IR P 7K1, @ g ik
T HMERX SRR REBAEE
I3 IRAR R AR B A 2 N 245 S I R 4 1 ) )
MLst, HEEWSHnRIFR, @ik s KE
Nesm-T R FREAF 53 ¢ A PR AT 56 A% B4 N\ )l bRy
B, 53 RARRRMEAE AN [FE e Lh A At AN 5 T A5 FE K
PR, N TR T S ) A REAE 7 R ) ) )
WEEAAEA . WINME T 4b T (5 M b B #R
SERIBMOIRASIT, 43 2800 58 2 (OB (i i P R AIE
BEAT FI P s T AE 1 M b L 3 &5 M 3 b 1 2R A
T, RIS B A RMOR RN X R ). R T E
FRINIRE R eI e R I ERRIR Ak, AT AR 2R
EE AT HIRNESS AR E .

4 KGRI

il R A TIERRAHINLER, A7 AR AUANF T
PRLEAR SHWCP A IS, ASCRAINMEE &
TG 5 AEBINEMZ AR BEARE T IR E ST
AR, BERS LA A T PLRAE 5 5 Bl ik
s Ji P RS TR ATB8T 5 4 ) B B R 1V

J
S(t) = Z wih;(t) + N(t) (18)

Hrp, SORRNEETFINES, w NG
HRH, b NEFTHES: NS,
AR T 3N HE A T B M R VR AL .
BEE I F 42K B A B ik O YE A BE AL M (ISR
THAES, 2HINISDI, ISPJ, SNISRJ-1F1SNISRJ-2,
FE M ER A A E R E S TGS, U
WEAE M & T s FIPRREE . B2
H5MAF R FIE SR, BHFISRI,
SMSP, NCJ, C&IFICOMB, FHidk—H 4 &4k
SOMEATIGES, AT IEMEEERE ST
ANz ACRE T . BURAESFIFE S FIRSETIL
55, (HAEARE A TSN GETIRS L
BB0F S HUR IR & TGS, DR+

1 IRFERAY LRGN

Tab. 1 Noise-aware classifier architecture

RSB TR BRI S 2R . BHIESE
KIS HE B k2R, FiE KIS EIH
A, fmfEsad 7 REKN SRR,
HAZHSHR 2

BJE, MTARNESTIES, ACKRHT
TAEZAREARE NG . NEEME S HEA S B
TEMRZREREY, HTRUE SRR EEERER
BT BRI, PREREY B TR TR
L) A BN 75 1 B8 O B — A>T R AR
PRZE, TR E TR AL T IR

Y = (I, I, - Ig)

(19)

Hor, L RERE, RrEohREESE M
TP, WRESPESZ TR, WX RAL
BRIFRICNL, BN,

* 2 IMERHNSHEE

Tab. 2 Parameter configurations for three datasets

= P AR
A Fec (B,24+2)

1 2k /22664, ReLU (B,64)

2 Dropout (p=0.3) (B,64)

3 M Z64—32, ReLU (B,32)

4 bk E 32—~ K8 (B, 733%0)

B 24 M A ¥
JSYEN 3 30000
I 10 MHz
ik ik e 20 ps
TP 0.1911 m
T 0.8~1.2
SNR 8~20 dB
' PR i 0.160~0.875
R 300~1200 m/s
PH Y 1500~4900 m
e R IRHL 2~6 K
I 75 K F (SNTSRJ-1) 0.5~1.5 ps
R 75 K FE (SNISRJ-2) 10~30 ps
JSYEN 3 40000
SNR 0~20 dB
T 100~600 m/s
PR 1500~5000 m
T 0.8~1.2
) KFE 5 2 H(ISRJ) 0.3~0.5
WA (COMB) 5~15
HF LK (COMB) 0.5~2.0 MHz
I Fr % (SMSP) 2~4
$iZ 5 K (SMSP) 1~3 MHz
KA 5 (C&I) 0.5~1.5 ps
KFE I (C&T) 1~6 ps
KFE 2 L (ISRT) 0.1~0.5
W2k £ (COMB) 5~20
3 1K % (SMSP) 2~8
KAE T (C&I) 0.8~1.8 ps
SREEFHA(C&) 1.6~7.2 us
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(R, X, R SR
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R FEHIE . AR AF 1 Bl br. H
TR 2R SO S,
SRR A T B T TE A TE A 43 2K

Nium
Y i(vi=v) (21)
num Gy

(05 TR 5 PO AR 5 4 — BUN L
ML, N0, I BRR R B (b i SR
HESIIE PR T VP A5 2 THRBRSS R R0

MR R ARIESF10802 5 R
TSI 2 S T 26 SR I 40 2K TE T 3%
o A 5 Al BB R YOO TE 2R ] SE s [ 2R
RO GRS F1: 1AM ML o FHE R (R 1
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SRS SO, DLV THR 2 )
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BisC, B RV (R OLH R

4.2 MEIRAIERES I

AT VP Al AR SCHE HH 86 TS 56 5] 5 5 e s 4l
BRI TR IE A TN R ERE, AR T i
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Tab. 3 Recognition performance comparison of various ISRJ types across different network models

Ay
EREES] TR
YOLOv1l  FRFTNet MLACM  MLCNN  SNV2-EHA  CMNet  Proposed
1 90.55 99.50 98.59 99.85 99.90 98.39 99.90
I 2 64.95 94.57 95.54 98.15 99.51 98.48 98.21
3 75.54 91.24 90.62 99.49 96.78 95.54 99.38
4 84.43 95.14 96.43 95.33 97.62 96.95 98.38
142 37.08 82.83 90.33 94.17 96.58 92.50 96.00
2+4 19.61 49.22 68.83 63.88 78.64 82.04 78.93
2+3 40.00 68.81 49.25 66.87 81.64 81.27 84.18
2+3+4 20.15 41.24 34.95 57.68 70.93 71.29 78.66
1+4 25.26 63.42 56.49 69.39 87.63 80.00 90.96
HAETFHBANE(%) 1+3 42.41 76.98 63.97 87.16 89.74 90.43 89.22
14+3+4 12.72 19.47 10.44 52.18 54.95 67.91 69.51
3+4 34.22 65.62 27.50 68.36 76.56 72.03 83.20
14244 2.99 30.10 53.97 64.61 74.22 74.07 81.18
14243 34.26 47.35 78.70 85.37 80.62 84.20 87.78
1+2+3+4 89.67 89.20 92.30 91.32 93.28 92.83 97.13
PR AR 48.30 65.42 72.38 78.32 81.07 81.37 85.52
Jrym—— SEH5H [l 2% 42.12 63.42 63.00 74.61 79.91 79.87 83.29
TFHIF15 % 42.78 63.38 63.55 75.98 80.27 80.47 84.24
TR 54.98 71.58 72.41 82.17 86.60 86.78 90.54
T RIS SR (107 0.183 0.166 0.652 0.005 0.037 4.596 0.160
BRI e SR (10°) 1.20 0.66 33.78 0.04 0.65 92.66 0.16
PRI TH] (s) 0.78 1.14 0.90 0.61 0.64 3.81 0.74

W IR R ARERR: FHR1—440 XS RISDJ, ISPJ, SNISRJ-1, SNISRJ-2; AU AT )R, Rk XA ZFREAT T Hifk.
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Fig. 6 Evaluation of noise robustness for different models
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Fig. 7 Confusion matrices of our method and comparative networks
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Fig. 8 Complex interference dataset classification accuracy radar chart

EORT TR ES, e =Bk,

ERe) FHIR RBUIME 0.7330, FELIIH IR AL B 5

FURARE] TR, B EIPAN R, JRaG g SSIM#EF%0.4062, Pearson ZEIEF%20.8254,

155 WP S5 FI AR APE (Structural Similarity

Index 1E 2 3 R AE AR 3P A e 4 B S SSTMAR T 220.5000,

Measure, SSIM)#J{E 5 0.3234, /Kb (Pearson) Pearson REFE S+ 220.8685, A& EMAE T 5
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Tab. 4 Performance comparison on dataset 2 and dataset 3

Fr5 e ol R 2HET 2 (%) HHR 3R ) HERIZE (%)
1 Proposed 90.66 77.14
2 CrossModality 89.60 76.12
3 ShuffleNetV2-EHA 86.40 75.29
4 MLACM 81.79 70.06
5 MLCNN 78.21 65.68
6 FRFTNet 39.12 37.50
7 YOLOv11 27.36 25.63
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(a) Coarse denoising stage
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(b) Feature-preserving denoising stage
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Fig. 9 Visualization of noise suppression and feature optimization effects
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Tab. 5 Ablation results of modules

Sl WRFEAG) MERRAD BRGSO HERIER(%)

1 N N N N 90.62
2 N N v 87.21
3 N N N 86.71
4 N N v 85.68
5 N N N 86.44
6 N v 85.37
7 N N 86.68
8 N v 85.87
9 N 84.43
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