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Abstract : Few-shot military target recognition aims to achieve fast and accurate recognition of novel military targets with extremely limited
labeled samples, and is of great significance in military remote sensing interpretation, battlefield situation awareness, and decision
support. Metric learning-based methods perform recognition by constructing class prototypes and measuring the similarity between query
samples and prototypes. Owing to their simple structure, flexible training, and strong transferability, these methods have become a
mainstream approach in few-shot learning. However, most existing methods construct class prototypes by mean estimation, which is
easily affected by background clutter, imaging noise, and outliers in remote sensing image, leading to prototype deviation. Morever,
equal weighting is usually assigned to all dimensions in the feature space, making it difficult to characterize their different contributions
to classification. Consequently, when the feature distributions of different classes highly overlap, the discriminative ability of the model is
constrained. To address these problems, a spatial metric prototypical network for few-shot military target recognition is proposed. First,
a feature extractor is employed to map samples into the embedding space, and feature translation and normalization are introduced to
enhance the robustness and stability of feature representations. Subsequently, a prototype enhancement module is designed to adaptively

optimize class prototypes within a low-rank subspace. By enhancing the principal discriminative directions and suppressing redundant
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noise information, the proposed network alleviates the entanglement of low-dimensional discriminative features. Finally, a metric function

is constructed by incorporating spatial projection error to achieve fine-grained recognition of query samples. Experimental results on the

Ship, MAR20, and NWPU-RESISC45 datasets demonstrate that the proposed method improves the average recognition accuracy by
24.49% , 2.07% , and 4. 03% under the 5-way 1-shot setting, and by 26.98% , 8.92% , and 5.43% under the 5-way 5-shot setting,

respectively. The results demonstrate the effectiveness and generalization capability of the proposed network in complex remote sensing

scenarios.

Keywords : military target recognition; metric learning; few-shot learning; class prototype; remote sensing image
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Fig. 1 A subspace metric prototypical network model
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DA ) RGBS AN [R], Ship B3R 88 % 1T 5-way 5-shot 10-
query I 5-way 1-shot 10-query AOAT 55 0 B, MAR20 s 42
H1 NWPU-RESISC45 ¥ 4 % 5-way 5-shot 15-query Vil
5-way 1-shot 15-query (55 ELE XA T YN 2R APl
A R G 4R B R <) 2 84 pixelsx 84 pixels, K SDG
AN AT W hR2 ] 8 13107,
2.3 XfLESRIE

SR RN AE R 2 (A 1E B T (A5 45 i 5 R4S
B2 L) VR RSB EAEFR AR Rl AR rh A AR A BE HILA= 1L
600 1~ K-way N-shot ) Episodes, Jf 1158 - 25 35 51| 1 £
R, WP PR T R 5 (9 )7 VA TE Ship ZUHE 42 1 MAR20
BAREE LSk 45 S T L, A4 ProtoNet™ ™ |
DT i ) 412 ( matching networks, MatchingNet ) | & & [¥]
2 [2] ( relation network, RelationNet) | 5% % ix A M e [24]
(relational embedding network, RENet) | & & 1 25 [A] ¥
2425 (deep subspace networks, DSN) | W B2 > i 8
241%) ('self-supervised learning prototypical networks, SSL-
ProtoNet ) , H:r1, ProtoNet 1| 2% 77 it 74 5 A h) A A 1% KK
IR B AT 025, MatchingNet i F 2= I HLE, A A
1977 2 B A SRR RE AR 5 A ) R AR B R L
RelationNet FH ] 2% > (1) it 25 () 26 5 X 1] 7 M 38
RENet fiff F 1 AH 5C A2 SURH A Sl B AE A ] 7 45 7 G
2 ; DSN 38 o A v REAS 2] 15 4 1) 288 S JE A A I S AT B
i ; SSL-ProtoNet W7E ProtoNet 26l 5| AT B W&+
155 SRR IER R

4Nk 3 fi7~ , SM-ProtoNet 75 5-way 5-shot F1 5-way 1-
shot AYE45 i & K 43 76 Ship B 4 115 %) 88. 09% F
69. 419 F-F- U R 3, R L TR =R 5 ey O 80 7y
BIHETE T 26. 98% 1 24. 49%

&R 3 Ship HIEEM/MERIAFNER
Table 3 Few-shot recognition accuracies on the Ship dataset

TN/ %

Tk ET %
S-way 5-shot S-way 1-shot
ProtoNet! ! Resnet18 56. 53 41.51
MatchingNet! 2! Resnet18 42.34 36. 43
RelationNet ! Resnet12 50. 64 39. 89
RENet [ Resnet12 58.45 45.37
DSN!%! Resnet12 64.32 52.41
SSL-ProtoNet % Resnet18 55.23 45.51
SM-ProtoNet Resnet18 88. 09 69. 41

Nk 4 Fr/~, SM-ProtoNet 7% 5-way 5-shot Fll 5-way
Ishot f 1 55 L T 43 %l 76 MAR20 %% 4% 4 b 15 %]
94. 03% A1 81. 15% HYFII R B HERG R AH Lb T HE R ix
BRSNS T T 2. 70% F1 8. 92%

R4 MAR20 HiR&EH/NERIAFER

Table 4 Few-shot recognition accuracies on the MAR20

dataset
) HER R/ %
ik FETF M
5-way 5-shot S-way 1-shot
ProtoNet' ! Resnet18 84. 81 67.97
MatchingNet ! Resnet18 73.75 54. 06
RelationNet! ) Resnet12 76.21 40.32
RENet 2 Resnet12 91.49 71.73
DSN[%] Resnet12 86. 13 70. 34
SSL-ProtoNet ! 2°) Resnet18 86.03 73.91
SM-ProtoNet Resnet18 94. 03 81.15

S 2R 7R | SM-ProtoNet 78 B~ BUPE 45 45 IR 1)
SRR 3 i T B 1 AR bR B T S ) o
23 [ JE AR EE TSR 2N E B R U Oy 22
M4 T B R 0 ) 7 W), I B F ProtoNet Al
MatchingNet A% e s — g {H R B SM-ProtoNet AEWE TS
AT B ; 5 RelationNet #1 RENet B &=
2] A EG, SM-ProtoNet F8 43231 5 58 Jin i Wi 5 5 )
FEAT R i 4E IR YY) DSN AH B, SM-ProtoNet X 2 2 J7 %Y
77 AR IR AE 1+ ; SSL-ProtoNet ffi F] T —Fh g
BBl 2505 5K, IRl SM-ProtoNet 2R FH T — B B 110 ity 21 ity
Yk, Lt SSL-ProtoNet 3% Fh 9 B Bt A9 Il 25 5 28 B BN
MR 22 R VIR BT AR,

AT B EE SM-ProtoNet X T 75 28 5l 19 - 24731
TIHERGR K 3(a) F1(b) 43325 i T SM-ProtoNet 7£ Ship
BiRsE - 5-way 5-shot 5-way 1-shot PAAMT 5 R 45 5F 1Y
TRIEHFEIE R B 3 () FI(d) 435145 H T SM-ProtoNet £
MAR20 B(#5 4 I 5-way 5-shot,5-way 1-shot PS5
AR ARG e, Horb IR & — 1o R
FRTEAT S5 i 91555 j DT R R R A5 @ Jeny il
AR R j R HH], 7EB M RE R b, HME
A TE A/ 2 0 ) — SRR T i it kS Al 28 531 fy B 3
A3 A AN X UL SM-ProtoNet g8 5841 1 K] 4325 (6]
TR LN

X SM-ProtoNet £ ship 4 4 [ M A 25 k47 T
t-SNE ®] #0 Ak 43 ¥, 1 5 5 U )7 ¥ ProtoNet # 4T T X



541 ARENIR A5 BE T2 18] B 4t R IO 45 1)/ NREAS ZE 8 F AR Ul i 393

Lo, anl&l 4 fioR ., Bl 4(a) JE/R T ProtoNet 3K HUAY ] 2
S RE AR AE 5 A0F 25 18] vh 43 A BCRL , AT W I 0 S 1)
S5, SR 4(b) ] LI 3|, SM-ProtoNet XJ i F) 4%
S [R) 26 0] A R S0 SR A AR 2% 2 R0 E) 51 e )
BT ProtoNet, HER] T HAE/MEAZ S HFR R 1Y
A RENE

Mz
1.0
FF-4 50 5 R E M
0.8
X 5 HiBEHS
@ 0.6
g
B R #ES AR
i 0.4
SR IR A A
02
RIGTR R IR B 0.03
0
P & & g &
%&fb Pl q,%féx %5%» ééb
& & % s
& o 2
I G L
¢ < % *‘&
FHERAE
(a) 5-way 5-shot{T-45 B E ' Ship %4 48 (¥ 1. 45 40 K5
(a)Confusion matrix on the Ship dataset under the 5-way 5-shot setting
i
1.0
WA A (O
08
X 5% BEHS
@ 0.6
le s
B JER#S A B
i 0.4
SRR IR A A
0.2
SRR IR K R IR B
P O Y T Y ‘
o P &
S
NN, «F
K A K %gt« *&éﬁ
TRHHRAE

(b) S-way 1-shot{£:45Fit B T Ship 35 45 i 12 ¥ 6 ke
(b) Confusion matrix on the Ship dataset under the 5-way 1-shot setting

e
1.0
C-17i25HL
0.8
F-168%3F 41
0.6
#
% E3EEH
K
i 0.4
B-1BZXEAL
0.2
F-220%34 AL
0

RS
(c) 5-way 5-shot{£:55 Fit. B FMAR205HE 45 I¥) 1B 45 E FF
(c) Confusion matrix on the MAR20 dataset under the Sway-5shot setting

HER 3R
1.0
C-17:84Hl
0.8
F-164%34 A1
0.6
&
& E-HEH
£
= 0.4
B-1BEAEHL
0.2
F-2248% 39l
0

&
TRIARZE

(d) 5-way 1-shotfE45 it B T MAR20 %3 42 i TR ¥ 46 B
(d) Confusion matrix on the MAR20 dataset under the 5-way 1-shot setting

Pl 3 fE Ship Bl Al MAR20 Bl 5 LAY IR 16
el
Fig.3 Confusion matrix results on the Ship and
MAR20 datasets

. o B RAE TS IRE A
= X530 B

Eidial

(a) ProtoNetffjt-SNERI AL 45 5
(a) t-SNE visualization results of ProtoNet

‘A . . . ‘ .
o 'V
i
&
o BTRMi3 S YEE ' v "
« XI5 9B oL,
K E A .
o v . . .
v AR R A
A1

(b) SM-ProtoNetfjt-SNE A ¥4k.45 1
(b) t-SNE visualization results of SM-ProtoNet

Pl 4 WP 550 1-SNE AT EE ST L
Fig.4 Comparison of t-SNE visualization results between

two methods
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2.4 HRLSKIG

1) B A R

N T PR 4 B AR 2R RE RS2, 7R
Ship $HE4E FIAT TARBIHESE A AL SC TS, Ik 5 Fw,
LR 28 A, 5 R T RS AR LR [ B 1 s A B 5 2 A
5 3 AT IR 9 28 55 RRAE P R AR i 2 1 sl A
HAZE G RS HR4 2R 5 5 4 47 3R [A) I FHRR AR RS B AN
JRAISEERAR R ) SM-ProtoNet [SEIREE M, 5 LR W 4% 41
e, 7€ 5-way 1-shot FI 5-way 5-shot P FMT45HC & T, HAH
JHRFEF RS AR R g [ AL B SR B B ) PR 3 R 2 047 1 AN ]
PR R8T, HLAE R B P BE I 0 F BR Bi 1
WUFRITERE . 7 S-way S-shot FUAT S5 B &, R fd FARAE
SERASE L SR BRI AR P T L A P D A e R A v
0. 54% , BERHFFIE RS ER BEAE XS S5 AN RIREAS A RFIE 5311
Hoom AR A SV 7 5-way 1-shot LS E T, R
et I A s AT Pty Sfe A RO 5842 T Fe B TR 7%
R 0. 51% , AR IR R IR AR B A% 76 AR AR 5 1917
DU AR S A AR R A 1 2 0 25 [ S A, S 25 SR 150 W]
AR AR R A B A Rk TSR AT L
HAMETHIMEAZ S BRI HER

x5 RRAZURIEER

Table 5 Results of module effectiveness validation

R - W3/ %
PR R U R R R
5-way 5-shot S-way 1-shot
x X 84. 81 67.97
Vv X 87. 06 67. 88
x Vv 86.52 68.39
Vv vV 88. 09 69. 41

2) I S AR R A B IOy 5C

oY SR AR SR AR (P ) SR (R A
FEREAE Ry b e 05 B0 28 531 2 [ Js R ) 52 0, 76 Ship %048
£ BT TIRRLSCH, SRS R ANER 6 R

xo6 FREERESENBIESER
Table 6 Validation results of prototype enhancement

information selection

I AT 5 FET 5t HERIH/%
A
T i S-way 5-shot  5-way 1-shot
x x x 84. 81 67.97
Vv Vv x 88. 09 67.89
vV x v 87.24 68. 68
vV vV vV 88. 09 69. 41

FBIELIT 5t

(1) 773 S AT R B i A e o 7 2
W ELAEAE D ) 2 [ Y

(2) Ze A S M + A S feL o A 25 AR R ¢, =

FIF, B debmfi e Iy 256

(3) Ze %3 5 A0 W+ a1 S R < AN el 7 S (B AR R
W5 i AL -3 ]

(4) 7673 S JE B + 77 S+ A A SRR - BIAE FH A Dt
RISEsR AR

e A+ A AT SRR AR L T 2 A S
SR+ ET S1E 5-way S-shot RUE S E T 22 548 K, HH
LT Zear S B+ A A S R 42 T 0.85% , LY
FEARAN B 22 I B AL VERE B TINS5 R 1 +
A B A AT SR AR R AR LG T A S R + A e TR
5-way 1-shot FUAESS L& FEE S T 1. 52% , M LU T« A2 aF
SRR+ A AR R R T 1L 06% , Ui B SRR Y A S =
3 AR AR B N X6 28 531 2 [ S B 7 AT AR
2.5 ZHHXE

N T AR AL 32 AP >R I NWPU-RESISC45 %45
RS LM IR S I A TS50 LA, £ 4% ProtoNet 2%
A JFUR ) 28 27 ( Siamese-prototype network , SPNet) | [ 18 Jif
S ) 2 (R DE e R 2452 (discriminative learning of adaptive
match network , DLA-MatchNet) \Z 8 B4 55 JR B 5| S 1) 3l
A%F H 27 2 W 45 ( multipretexi-task prototypes guided
dynamic contrastive learning network , MPCL-Net ) . EL#E= /)
FEAR 2 2] HE 2R ( TransDuctive few-shot learning framework ,
TDNet) | JHf ] SCAS S8 A1 1) /0 B A 328 Sk I 15 37 35 43 JSAE
I (text-aware framework for few-shot remote sensing image
scene classification, TeAW ) , BRFHEVERI 2% ProtoNet #M4iT
SRR T T BB Sy B U5 vk S R IR 7 F s AT L)
FEH),7F 5-way 5-shot Fl 5-way 1-shot AJ4E 4L E T, SM-
ProtoNet HUi5S T 89. 16% 1 74. 26% I 5% 25 1Y HE 0 2, [k
552 44 TeAW =i 4. 03% A1 5. 43%

&7 NWPU-RESISC45 HIEER/MERIAFIZE R
Table 7 Few-shot recognition accuracies on the
NWPU-RESISC45 dataset

TR/ %

ik ENy
5-way 5-shot 5-way 1-shot

ProtoNet! ! NeurlPS-2017 69.55 40. 35
SPNet!?”! TGRS-2021 83. 94 67. 84
DLA-MatchNet?") TGRS-2021 81. 63 68. 80
MPCL-Net! ) TGRS-2023 76.24 55.94
TDNet! % TGRS-2023 86. 13 70. 34
TeAW!] ICASSP 2023 85.57 70.23

SM-ProtoNet A 89. 16 74. 26
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H) H SM-ProtoNet 7E NWPU-RESISC45 %4 & (il
IR IR HNRIE MG, S5 FiR, TR FE AU £ £k
e B A R Y B U5 B S ) Y TR VA R B D,
SM-ProtoNet BEMEXT/INFE A 328 Jak A4 01 HL AT B 192
fkieds,

HEHIR
1.0
P37 KRl 0.0 o.01 001 001 001 0.02 0.01 001 002
R o 0.02 0.0 0.01 0.02 0.02 0.02 0.01
0.8
R R H oo o 0.01 0.01 0.01 0.0l 0.01 0.0
BEJEX 000 0.02 o 0.01 0.02 0.02 0.01 0.01
% 0.6
DA PR 001 001 001 0.01 0.01 0.01 0.01
<
ol M &3] 001 ool oo oo o 0.01
i S04
A X [C1{0.01 0.01 001 002 0.02 0 0.01
R BEAE SE[X [ 002 0.02 001 0.02 0.01 2 0.01
=02
fEZegg 001 002 0.02 0.01 001 001 0
JATPAE| 001 0.0 001 002 001 0.02 0.01 0.01
0
S Q& 4
BN it & @4 &Y gﬁ%\@
% &
R
TRbREE

(a) 5-way 5-shot{F45Hi B T NWPU-RESISC45 ¥4 4 i 16 35 46 [
(a) Confusion matrix on the NWPU-RESISC45
dataset under the 5-way 5-shot setting HETf 2R
1.0

DLz 0.04 0.03 0.02 0.03 0.03 0.04 0.04 0.02 0.03
k| 0. 0.04 0.03 0.03 0.03 0.03 0.03 0.04 0.02
0.8
R4 M| 0.03 0.0 0.04 0.02 0.02 0.03 0.03 0.02 0.03
B[ X 0.0 0.04 0.04 0.03 0.02 0.04 0.03 0.03 0.03

0.6
ﬁ ZEHbK 003 0.03 0.03 003 EOREN 0.02 004 0.02 0.04 002
-
ﬁ M 002 003 002 002 0.02 0.02 0.02 0.03 0.03
0.4
A X1} 0.03 0.03 0.04 0.04 0.03 0.02 0.04 0.03 0.03

hFEFAEEX 003 004 002 002 003 002 003 0.04 0.03
02

& 002 004 002 003 003 002 003 0.03 0.03
VA Hi 002 0.04 0.04 002 002 002 003 0.03 0.03

0
B 0 & ST & IO b
% %
R
bR 2

(b) 5-way 1-shot{E45Hr B FNWPU-RESISCA45 ¥4 4 H IR ¥ 45
(b) Confusion matrix on the NWPU-RESISC45 dataset under the 5-way
1-shot setting dataset under the 5-way 5-shot setting

K5 76 NWPU-RESISC45 i blis iR v e v 45 2R
Fig.5 Confusion matrix results on the

NWPU-RESISC45 dataset

LA ZE B R, SM-ProtoNet 7845 Fh B £ 69 £2 7+ IR
JE LLESBERIL, Ship Ba AR 00 LA H AR St on (2R 1H]
AL e, ARPAIE 25 [R] 2K ) 8 7 LUK, IR 5 AR AT
55 L HERRRARAR, £ 286 501 38 5 2 (8] J5 A B 4% T A 250
flit 2 B 7 ) PR SRR TR B IRl e T
S AR L Y R B 2D, R T 4T 55 I 5 1 7 34

HERPRIETE 22 A SR K, MAR20 $idis 4 iy ©AHLH
PR N TEBY , Bbsfr &35 JE v HLAy 534, [a] — 28 A1
FTX LGB R 2 A T IETEZHEZR S-way S-shot Y
11455 B B VERESE LU B AN, B2 T8 B2 /N, SR T TE S-way
1-shot BUAE 55 I & T, SM-ProtoNet E4% #4 7 57 BAC £ 1
B 25 ) T R DT AR A B 04 o Al R B TH, WPU-
RESISC45 B A2 R e B 32 220k A 285 N A2 16 =F & Fl
5] ) SR, S 3 Rt S-way S-shot L& FA/54R 6
B S RN ARk, M L B Jr %, SM-ProtoNet
BB A5 A5 A o AR 1 28 1) B i 235 ] D B 3 4 20 P R 22 o e
AL PRI P A T TS L) A R A T B A

3 & i

ARSCHR T — T 24 ) i J 2R [ 2% ) /R AR 2

F RN TTE  FRAE SR IR R ] Resnet18 HEATRFAE 2

YR, R RS B o 2R 45 25 T3l e i 73 A1 ke 1) 583 A0 i o

A FENR) I A AR B i dok AT S (R 20 ik S O 5 ()

JEAY I e Aok SR 494 5 A L A I A4 245 (1] T SRR A 58 M

RUAE B, 25 ] B B F LT B R 22 AR 4% . K4

WA T Bk 1E N BE AR BOHE 4 Ship, MAR20 Al NWPU-

RESISC45 FHEAT T, MRS SR T i R 8, ik
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