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Abstract: Radar target high-resolution range profile (HRRP) has significant application value in radar target recogni-
tion due to its ability to effectively characterize the geometric structure and electromagnetic scattering properties of targets.
In recent years, deep learning methods have been widely applied to HRRP-based target recognition tasks owing to their
powerful feature representation capability. However, existing deep learning-based radar target recognition methods using
HRRP suffer from performance degradation in few-shot open-set recognition (FSOSR) scenarios due to limited training
samples and inherent inability to discriminate unknown classes. To address this issue, this paper proposes a radar target
HRRP few-shot open-set recognition method based on multi-hypersphere spatial topological constraints. First, a meta-learn-
ing framework is introduced in the training strategy. A large number of similar yet non-overlapping tasks are sampled from
an auxiliary dataset with sufficient categories and abundant samples as training units to learn cross-task common knowl-
edge, enabling the model to generalize rapidly on sample-scarce task datasets and alleviating few-shot overfitting. On this
basis, a multi-hypersphere decision boundary modeling mechanism suitable for few-shot scenarios is designed. Each known
class feature subspace is modeled by an individual hypersphere, forming a multi-hypersphere representation of the known-

class feature space, which implicitly models the distribution of unknown classes. Meanwhile, adaptive margins are intro-
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duced between hyperspheres to maintain specific spatial topological relationships among known classes, thereby improving
the refinement and robustness of the decision boundaries. Furthermore, a hard sample learning strategy is proposed. High-
value samples are first selected through hard sample mining, after which a sample-wise weighting mechanism is employed
to quantitatively characterize the hardness of samples. The model then performs targeted learning according to the assigned
weights, enabling the extraction of finer discriminative features from informative hard samples and enhancing the model’s
capability to distinguish fine-grained unknown classes. Experimental results demonstrate that, in the 5-shot and 10-shot sce-
narios, the proposed method achieves accuracy improvements of 6.17 percentage point and 2.94 percentage point, and AU-
ROC improvements of 13.1 percentage point and 12.94 percentage point compared with the state-of-the-art methods, respec-
tively, verifying the effectiveness and robustness of the proposed approach. In addition, the model is deployed on the Rock-
chip RK3588 embedded artificial intelligence (Al) chip, achieving an inference latency of 2.197 ms and a power consump-
tion of 2.25 W, which demonstrates its engineering feasibility. The proposed method is suitable for complex environments
where unknown classes frequently appear, and can support high-resolution radar systems in the detection and recognition of

non-cooperative targets. Moreover, due to its favorable engineering feasibility, the method is also applicable to scenarios
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with stringent real-time requirements and limited hardware resources, such as airborne platforms.
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Figure 1  Comparison of the concepts of few-shot recognition, open-set recognition, and few-shot open-set recognition
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Figure 3 Architecture of the 1D ResNet-12 network
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Table 2 Target type information
" . RF e o
e Sl B ” — HRRP F L)
N = B
F-16 {3141 15.09 5.09 9.45
EA-37B HL %L 29.40 7.90 28.50
AN-71 FiEH]| 23.50 9.20 31.89
. WF 47 70.9~83.2
L5844 D B-52 ZKEHL 48.50 12.40 56.40 .
: Jri A 20.1~123.4
KC-46 finihHL 48.50 5.41 47.57
BGM-109 3 fifi S5t 6.25 0.52 2.67
AN/ALE-50 4 {2 20T 3 2.00 0.30 2.00
i%-20 47.00 15.00 45.00
Weir-777 73.90 18.50 60.90
Fi DC-10 55.50 17.70 4730
) #-6K 34.80 10.36 33.00 Wi £ 85
HNVEBAREE D, T .
WeF-737 39.50 12.60 34.20 Ji £ 0~180
2500 34.02 11.45 40.40
A-320 37.57 11.76 34.10
5T-8 21.52 9.34 5.41
025 030
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0 0
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Figure 6 Comparison of simulated and measured HRRPs for the Boeing 737 aircraft

SVDD)DQ] JF 4 9T 2% > (oPen sEt mEta LEaRning,
PEELER) "™’ SnaTCHer' ™' J 42 5 - )R A 12 2% > ( Glo-
cal Energy-based Learning, GEL)"?' 0 F J5 % . PN-
SVDD 454 ProtoNet ™ (£ it FSR J5 12 ) 5 32+ i) 2 54
iR BUN (Support Vector Data Description, SVDD y3oI( 1
Gy JE AR ) J B JE H ORI K K5 . PEELER
SnaTCHer Hl GEL 2y 15 HLAL 5 4 — Ft B A7 ALK M
f9 FSOSR J5 i o R RIEXT LE A 2 P4k, B A 5 ik 84
K H ResNet-12 1 A FRAE L IS
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Table 3 Comparison of few-shot open-set recognition performance
unit:%
. S-way 5-shot S-way 10-shot

ACC | AUROC | FPR95 | ACC | AUROC | FPR95

PN-SVDD™' | 84.12 | 59.37 | 77.20 |88.22| 59.20 | 77.52
PEELER™ | 8226 | 64.22 | 70.08 | 86.82 | 69.94 | 63.13
SnaTCHer™' | 88.85 | 78.18 | 47.68 | 93.67 | 80.20 | 46.57
GEL®' | 88.18 | 6024 | 66.33 |86.54| 63.03 | 61.71
AICHPE 19502 | 91.28 | 27.96 | 96.61 | 93.14 | 22.85

(1) E M2 ZEMEBE . 7E 5-shot L) B 10-shot % &
T ARSI ACC ¥ T =l Iy 2, B AL T s 4 il
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LR TE 1304 A 23 10 12.94 0 3 8, FPRIS 73
FFEAR 19724 H 43 05, 23724 E 4 0, B TG AR 24
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Figure 7 Distribution of unknown-class scores for different methods in the 5-way 10-shot scenario
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Figure 8 Comparison of the HRRPs of the F-16, BGM-109, and AN/ALE-50 targets within a partial aspect range
R4 PREARMISAREREIT L L% () MEASREAR 2 S . ERE 3 P, E ACC Ml
Table 4 Performance comparison for fine-grained AUROC #H %] T % % 2 ﬁ:}» %[J 3 }I» T 532 /l\ H 6:,\ ‘I‘E‘[\ K
unknown-class recognition unit:% 14.93 N H4r S , TP RE AR B , I3E T ME4
o 5-way 5-shot 5-way 10-shot FEAS 252 2 W& 1A w0k o
" [ace [ avroc [remss | ace [ avoc [[renss () RS - SRR IR B30 6 T A ST 2
PN-SVDD™! | 86.15 | 54.54 | 70.39 | 8827 | 5592 | 70.09 B8 JniZ 5K W& J5 . ACC # AUROC 43 542 7+ 7 1.36 1~
PEELER™ | 88.47 | 22.69 | 96.31 |89.90 | 25.64 | 96.27 T4 R 1AT AT A0 L 130 B 2 JE 00 i 6 F €8 e e ot
SnaTCHer™' | 90.34 | 73.38 | 37.61 |92.31| 7595 | 33.46 VEREA TF 1] 540
GEL™ | 89.94 | 90.17 | 1257 |9255| 91.95 | 10.75 S T UL M B R 4 B A R L AR S SR e
_ ZMC?'J“& ?1.08 91.15 | 19.20 | 94.48 | 95.63 6.80 SNE [ 4t 77 4 . % 1 B 52 3 v 7 [ 725 A 1 65 7 = [ 3
T AR B AR A 4G AN/ALE A1 BGM-109, TR a0 A . 25 50 9 i , Horh , A5 [/ i £
XF R S EERITANT o X REAN TR E AR, B0 AR FIZE FH AR, 5O B AR J AR
(1) Z BRI . 0F HL e )5 5, BEAE L WY AUROC [l e AIET 9 Ca) BT, 0KEBE R HIZE H AR 5 F-16
BT 19.67 N E AL A T ZERIR @B AE D REAR MRIVEE R, R IE XS 5 A R T, SR ETT I Y

e T % AR B0 28 40 B B9 A R 5 (H ACC AR X T 3 i
JrETRET 8524 i, EEIFFE T 28Rk [
KRS S BB

(2) F 35 0 (8] B 5 25 AR R 2 B AR R 2 0, ACC
FTAUROC AHXT F I 1 40 2 T+ 1T 8.94 /1 43 1 J
5.66 4~ E 43 a5, HACC 5FEUET A0 B03E T H & AL
(i) b 5 2 [ R F D2 SRR I AL T Z2 BRI AR A5

X AR R AE . WK 9(b) Frs , 18 i 22 ik A 455 4
FET ARHES IR X HRE A RS
E19(e)in, 51 A F A N 8] B 5 25 3 0 sl 5, 28
Vi) TS 75 ] A 28] Jd 25 oA 5 |, L DA 32 X 0 A K TH e
PLIX 3o G 9(d) it , 45 4 MEAr FEAS 2% 3 3 s, 46
T 2 B TORS A1 1) 25 5 AL RRAE L 28 PN 43 A0 B K B 2R )
T FERVE W, B TE T AR B R AN SR B BE T o

RS HEXRLER AT %
Table 5 Ablation study results unit:%
N N § . 5-way 10-shot
B ZIRURARRL | G IG5 25 R BR | MR AR 24 ) 28 AU
ACC AUROC
BTy X x X x 87.38 53.90
1 N x x x 78.86 73.57
2 N N x x 87.80 79.23
3 N N x 93.12 94.16
4 N N N N 94.48 95.63

PR B S SR IR
T 1) B 5 7 R 05 L DN A f i B 3405

3.5

FEAEIT A, S BOL TR IR ME . 30k BT $2 07 TR 7
B BT IR A2 BR300 AR T S B AR SCR TR O
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Figure 9 Visualization results of the feature space in the ablation study
iTOP-RK3588 JF % M2 % B B0 47 i A8 . i%IF —
e LR T I 7 b 1 Bt T RK 3588 1 A2 ALt 1 .
FHFERGD . SEH 5 A S-way 10-shot 4IRLE A HIZKEIA o
5, BRI 10 TR, 43 WA LA b s 2 |
B AT VA TR ), (2 A AT |
Float32 42 K% 5 BHAL %8 Float16 K5 o RS 3t DLW 16 |
FERE ST RE TR . RERAEAR S (8 LA K 7E PC Ut 2 |

SO B S AT S B RE
FHIESEBHSER

FPEREXT L A5 SR NFE 6 i . FTLUE Y WAL HE 1 ik
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E(ﬁﬁ:/ﬁ»ﬁ %KE%%‘F&E_%@% 16] TR iﬂn‘@o Figurel0 Model deployment and evaluation on the hardware platform
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Table 6 Comparison of on-board deployment performance of the model

TRETE 5 BIRIAEALE/bit | ACC/% | FPR95/% | BARIALEE/MB | HEFERTIE/ms | FFbE/FPS | DIFE/W
FP32 4 ff LY RTX-3090 32 94.48 6.80 438 6.260 159.660 157.00
FP16 05 AR 8 it i RK3588 16 94.06 7.02 2.19 2.197 455.127 2.25

1 : 5-way10-shot , 47 & AR FIAALFE AN/ALE FI BGM-109,,
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