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Abstract: Multistation cooperative radar target recognition aims to enhance recognition performance by
utilizing the complementarity between multistation information. Conventional multistation cooperative target
recognition methods do not explicitly consider the issue of interstation data differences and typically adopt
relatively simple fusion strategies, which makes it difficult to obtain accurate and robust recognition
performance. In this study, we propose an angle-guided transformer fusion network for multistation radar High-

Resolution Range Profile (HRRP) target recognition. The extraction of the local and global features of the
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single-station HRRP is conducted via feature extraction, which employs a transformer as its main structure.

Furthermore, three new auxiliary modules are created to facilitate fusion learning: the angle-guided module, the

prefeature interaction module, and the deep attention feature fusion module. First, the angle guidance module

enhances the robustness and consistency of features via modeling data differences between multiple stations and

reinforces individual features associated with the observation perspective. Second, the fusion approach is

optimized, and the multilevel hierarchical fusion of multistation features is achieved by combining the

prefeature interaction module and the deep attention feature fusion module. Finally, the experiments are

conducted on the basis of the simulated multistation scenarios with measured data, and the outcomes

demonstrate that our approach can effectively enhance the performance of target recognition in multistation

coordination.

Key words: Multistation cooperative radar target recognition; High-Resolution Range Profile (HRRP); Angle-

guided; Attention feature fusion; Transformer fusion network
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Fig. 1 Schematic of different fusion network structures

RIZFEE IR ERL A B, ST T X 35 SR 7R 2 ZuhthEIRARE
HESREL A B 2 IR G . e, FE TS % T
= R : T 2.1 RAEA
PG T 2 B, SRS RER I ATk
Al LA RSB 2 S HRRPAFIE AL &, /S0 T sk AP T — Rl T M E 5] § Transformerfil:
AR B R 7 v AR P B AL Z S HRRP I ER ) 732, kg5 Ky tn 2



3 25 OM&E. ETF 5] S Transformerfil & P45 1) 2 b 0[5 B AR R B 777 519
X2 I RHEAS H HIFEIEAS
""""" Tl
| f |
N Transformer /= I'lP MELI 5= ! \ Transformer)z k » =
| |
nT 11 I
| | 1 | | M=
| AN AN s | |2 .
Transformer)= H gy 82 Transformer /= b ﬁ?ﬂf );E ;’g
: i KX | DA e |7 A
|
|
= ﬂ Transformer)Z H AEL G : I Transformer/)Z | I .
o |1 | I | |
e W e R N l/l__\j— _______ —V__I

—Q f g

RS HERFAE

Bl 2 £ % 5] F Transformerfili & M 4 4514

Fig. 2 Angle guided Transformer fusion network framework
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Tab. 6 Results of ablation experiment
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