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Few-shot space target recognition method based on adaptive cross
fusion of local features

XIE Wenxi, REN Xiaoyuan, WANG Canyu, JIANG Libing, WANG Zhuang”
(College of Electronic Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract; In the few-shot recognition scenario of space targets observed at low frequency, the drastic changes in the image representation of
space targets in different poses challenges to the extraction of discriminative features and the correlation of features between images. To address these
issues, the few-shot space target recognition method based on adaptive cross fusion of local features was proposed. Based on the existing few-shot
learning framework , the feature cross fusion module based on self-attention and cross-attention was used to adaptively learn the correlation between
local features, improve the discriminant and robustness of feature in different poses, effectively explore the similarity between the support set and
the query set, and improve the accuracy of feature association with representation differences. Meanwhile, the sample label weight based on
neighborhood density was employed into the loss function to solve the learning bias problem of the network model caused by unbalanced space target
datasets. Through the verification on different datasets, the proposed method is proved to achieve higher recognition accuracy.
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Fig.2 Network structure of the proposed method
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%

[P 4% A 7R 5-way 1-shot 5-way 5-shot
DN4 46.84 + 0.81 74.92 + 0.64
DeepEMD 75.65 = 0.83 88.69 + 0.50
LMPNet 65.59 + 0.13 68.19 + 0.23
RENet 79.49 = 0.44 91.11 = 0.24
A 81.14 = 1.02  91.35 = 0.54

%3 AREFHETFE Mini-ImageNet FHEE _FHISEIEE
Tab.3 Recognition accuracy of different methods on

the Mini-ImageNet dataset

%
I 245 R TR 5-way 1-shot 5-way 5-shot
RN 50.44 = 0.82  65.32 = 0.70
DN4 51.24 = 0.74  71.02 = 0.64
CAN 63.85 = 0.48  79.44 + 0.48
DBRN 52.74 = 0.87  68.43 = 0.64
LMPNet 62.74 = 0.11  80.23 = 0.52
CGRN 50.85 = 0.86  64.13 = 0.70
ARSI 64.62 = 1.01  79.57 = 0.71

x4 ANEFERTE NASA Satellite dataset?
HiRE LR EBE
Tab.4  Recognition accuracy of different methods on

the NASA Satellite dataset2

%

[RH) 2 s 5-way 1-shot 5-way 5-shot
DN4 73.94+ 0.74 92.64 = 0.43
RN 73.70 + 0.81 86.44 + 0.60
CAN 80.49 + 1.56 84.44 + 1.30
DeepEMD 80.34 + 0.25 92.24 + 0.49
ARICH 82.59 + 0.88 91.90 + 0.66

LA TR TR 3 MR AR B R AR
REOL T HoAt J5 %, 72 CUB-200 % #4541, Fr 4 Jr
T 5-way 1-shot il 5-way 5-shot Z256 #4351 & T
e s 1. 65% (0. 24% ; 7F Mini-ImageNet 4§
PEEEFN NASA Satellite datasetl I, 7F 5-way 1-shot
SEIG AT Y HT SR A I 25 AL X U B T ER T VA A
S-way 1-shot [{JSEH I E T ROR B4, REAE 72 A TR
R REAS h AR A S T BB RO 15 B, R R
UF Iz AL RE ) FRE AR A R, 55 56 T AR AR
PERL G FEAE A CAN RENet Fil DBRN [ 2% A Lt
P W R T A AR X R A 3
FRIEAS SCRG FLTRI AT DATE D BOREAS B A 5 b 4t
SECE B U A S 58 0 R A S HBK %) TE A 1, AT
P T PUIRE
3.2.2 HghEib

g TR UERE T B ) A8 SRl A BRI T
RS SR A B A R0 , 75 CUB-200 £i4fs
£E1Y S-way 1-shot S5 v HEA T B b S 46, 25 R
RS P AU AR T B S SR S R n]
DAS B 28 S ISR AT R R RAALE , PRI 0 2
BIT 0.79% , FHorp, N FoRSLme B IR T
B AN R T B3 R ) A8 SURl S e n] LAHS
D28 38 TN SR AR A T AR A7 /MR 1Y
2Tt HPMEHRILRI MR, A7 R50E £ 18 2 Rk
FZA R Z ) AR LT EAH TR 1 , IO 265 1Y) 7325 4%
RIKFUE  $2TH T 1.4% .

&S5 7£ CUB-200 ¥ & L HEHUHE RIS
Tab.5 Ablation experiment on the CUB-200 dataset

HIEEEE  HEE SRR GrHHG R/ %o
79.697
VvV 80. 487
vV 79.830
vV VvV 81.140

BEAN, O T 6 i T A8 3 A R A B 28 A
FO ARG AR, o0 e = S A
23 ] AR B 46 LT A I R S e . KBk
HR S 8] FAR B B R AE 52 AR, 3
HOXRAN I SNGBEHBAR, O T MG AFET 20
S B8 PR SR AT R 3 o 28 S AN B I A K
BR T RRGRE IR T I35 Fy SR A R 258 X0 4%
IO HARINER G 0 Jetkft . 200 AL5+
W F, ORERG VRN ERGR P AILA ol R P45
bR, B By SRX A 2RI F FRET, ok
TEDIGNWZEEYERE, TR AT
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_2PR
""P+R
1E 5-way 1-shot Fll 5-way 5-shot $ & 4T
THRLSEE, 4R 3R 6 ~7 i, 36 Ik 7 nf
DU, B2 Y B 345 2% B A A0 7 AN ) 5
Py 23 6] H AR PUIE 55 T BUS 1 8 v RESR
F+o £ BUAA _ unbalanced, NASA Satellite
dataset] \NASA Satellite dataset2 =4 #E4E 5-way
L-shot 1 52 56 vfv, A B2 73 il $2 T+ 1 3.43% |
1.82% . 0.99% , % ¥ F, #1042 7 T
2.65% 1.89% \2.34% ., W4h,7E 5-way 5-shot 5
B, R ORE 4y B8R T O1.283% ., 1.767% |
1.483% , 7% -3 F, $2712.0% 3. 08% 4. 12% |
LA it g | A AR 5% BE A5 5 AT LA 38 N 46
S PAAEAY A 100 28 B DG T 408 R it X s
A R T S IR RE

(16)

F6 EZEBIFMIEE L 5-way 1-shot FIIEH RIS
Tab.6 Weight ablation experiment in 5-way 1-shot task on

space target datasets

%
AN E JINA R
PTETS N I
"= Fl H= Fl

BUAA_unbalanced 70.770 59.87 74.200 62.52

NASA Satellite ¢\ 22 6409 83.583  66. 88
dataset]

NASA Satellite ¢\ 003 65,31 82.593  67.65
dataset2

x7 HEZEBREBIRE L 5-way 5-shot WIVEHRISIE
Tab.7 Weight ablation experiment in 5-way 5-shot task on

space target datasets

%
RN JINA R

Hlg EVI T

S T

1 1
BUAA_unbalanced 87.110 78.73 88.393 80.73
NASA Saeellite o0 (00 75.44  90.457  78.52

datasetl

NASA Saeellite 50 00 7858 91.903  82.70

dataset2

DUZH S5 I Rt 468 2K ek it 26 [T an 18 7 B
7, BEAE AU RN R A5 T B 1 —E
HEARUECZ G A THRUE , AT LUIER A SO A L
P, AL T BT 3R J7 2 7E NASA Satellite dataset2
Kl S-way S-shot {45256 Hh R AR 5 A T
UL B0 245 RR I FE MR &, &l 8 Bz, al LA
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Fig.7 Curve of model training loss function
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Fig. 8 Confusion matrix diagram of the proposed

method on NASA Satellite dataset2
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3.2.3 HAHKERR

N REAR R /IMEA DT 21 B AR R RE
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R 8 1£ NASA Satellite dataset2 E{IEEE
S-way K-shot B4 BE EL 3R
Tab.8 Performances comparison with 5-way

K-shot on NASA Satellite dataset2

%

K-shot K

1-shot 81.603

5-shot 90. 420

10-shot 92.723

15-shot 95.843
20-shot 96.457
30-shot 95.630

MR8 BT LUR i, B ) 73 SRS i A B 2R
HOREAS BRI I M4 7 , 75 15-shot If T4 22 B —

(

AR B AT LR RS 15 AR T
DIERAE R A R 55 2., AR A% LB i i b AR 3R 5
A AF BN AR AR EE
3.2.4 TAALER

SR TSI A bR s [ R AR AR 28 Sl
B RO 1R M BE 4R T, 7E 2 AL B 4 5-way
1-shot [ SEERZE R HP R B T = X} SZ Rp 4 A i) 4
23 A SR G IR AR P 5 e AR AR (S
S5 A BRI R B B 9 s,
FEIX BERAAE ST B, R T 1 3G AR e A [] i 3
FARFAE IR I, £1 68,38 7R He A~ DA A A 43 28 Hh
TINEE L W 60 R X IR A S Tk /N, TRk
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A HE SRR AR RN A ) AR 2 1R AE BL ) BE R PR R AL
TE Mini-ImageNet 4848 Hr, W9 iy 3R 42 B A &
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(a) Visualization of the proposed method on Mini-ImageNet dataset

(b) CUB-200 %#atk b ry It fbss
(b) Visualization of the proposed method on CUB-200 dataset
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(¢) Visualization of the proposed method on BUAA_unbalanced dataset
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Fig.9  Visualization of the proposed method on different datasets
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