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Few shot ship recognition based on universal attention relationnet
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Abstract: The sample number of ship target categories collected in actual scenes is not balanced, and the model training easily leads to
be overfitting. The data set of the traditional transfer learning is divided into categories, which results in low recognition accuracy of
unlabeled new categories. To solve the above problems, a small sample ship identification algorithm based on the fusion of the cross-
target universal global attention mechanism and the relationship measurement network is proposed. This method introduces the universal
attention mechanism into the relation network, uses the original features extracted by relation network, and smooths the target features
between imbalanced categories through the universal attention mechanism, and compares them with the original features extracted by the
relation network. After feature fusion, feature distance measurement is performed. This method enhances the consistency among
universal features, which is conducive to learning invariant target features and improve the performance of ship recognition with few
samples and few labels. In this way, the overfitting problem caused by imbalance of categories in the training process could be solved.
Using the ship data set collected and produced by ourselves to test the proposed method, the recognition accuracy is improved 5. 6% (5-
shot) and 3.2% (1-shot). The impact of imbalanced category on the model ship recognition is reduced, and the robust of the model is
enhanced.
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Fig. 1 Machine learning data set division and

meta-learning data set division

INFEA 2R SRR BRI iR T a2 ) O vk B B2 )
AR 3 ANEHESE  VIZREE (train set) , ST HFEE (support set)
FIIIALE (test set) o SCRFHEFIIALE IL AR [F] A bR 2% 25
] RN 2R BA A C MR 2 ] i bR 225 1) 5 52
FE MRS, LRI FE RN ZRak A 8 i I
AR RENLE R C DI (R B K M Rick
) K A NINGAE S5 , FEAREE RS = [ (x,,0) 1,
m;, =1,m =k x C, Frr C AR I AR LA
A AEEMLE Q = | (x,,y) | om0 ASCMFERE T
K=1FHK=5MFEL,

WP 2 fiR AR 1-Shot YE R 4% (RN) H B M5
S I A SR A RS B £, 156 2R B B P LR g,
i A AR Q P EUREAS o FISCRREE S WRIREAS &, B
FRIEFRBUGIR ABIHCR A 4 4> Conv Block £ R HEZH R A
MR FEASRAE I 4t f, , % TR ML 55 S P i S R
A x, FAER A« G iR AR 26 2 iR AR 1]



222 U #H £ ¥ W

F42 8k

L)) R fuCx) o S0 HR S 2 i 492 G 9 5 O P
Fulx)) FLFLCxy) AT Bt A (B AR G Tl
BHT c(f,(x,), £,(x)) o TEBRBRRE (1, 0) BR
FIE I 0 R 19 £, 25 5 R A 360 5 B A 5 O
F Tl A5 5105 7R B BB g, o, 5 AR B i it
B g, BLETEHE O ~ | BB L, F% x, A, 2 [ A1)
PE. XEF k> 1 B9 keshot, XHG A IIZRAE 45 o A BEA B
AR B 4 T 36 37 SR R, B0 L T R R
%,

R KRB
embeding moudule relation module
m r 1T
RHERLA

K2 528001 PRiEprss-1 A EAEA RS

Fig.2 5 way-1 shot-1 query relationnet structure

1.2 BE#nRERERENIENEERIET

miE 3 fos, BT ITA BAsiZEn], A el 2R
TR > H AR A REAE DR IE H AR FENEAE A R Y
MGG AR T I A, ASCHE S B AR 4R T AL
il i) S AR L5 F T2 Conv FT FC LG #4 AL UAN, 254
=R 1 s, AFELEESRZ W B2 iE 8206
P, A5 H AR DO B s R IR T IR | 52 BT 40 R T
K, U5 T4 HR T OGN R 28 5] Z [8] (AN AR RHAE -
K EBRARHE Z 18] () AR AR [ B 3k 6 PRI 43 24 A A o
oD FRESR U A Bt /D, BN 7 b A 4
GG, I, A SO B 4 R e = T AL A [ )2
Conv Block A0 22 N 2% it s th 4 &, 1 AR T 56 7
F AR XA | 388K H R X Iz Ju L 388 K B AR X
BREAT B SR m R I B

B4 Conv
Softmax
BEES akgEFCL2
B4 Conv g @

e

3 B AR eRERE I (UAN)

Fig.3 Cross target global attention mechanism( UAN)

F1 2RFBENXEZNERESHY
Table 1 Parameters of the global attention

relationship network model
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Fig. 4  Universal attention relationnet

measurement structure
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