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Multiscale knowledge-guided local enhancement method for
few-shot fine-grained image classification

LI Xiaofei, GOU Guanglei, HAN Yanqi, ZHU Donghua
(College of Computer Science and Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract: In few-shot fine-grained image classification tasks, the absence of local correlation between support and
query samples causes difficulty in precisely identifying discriminative regions in images. To solve this problem, this
study proposes a multiscale knowledge-guided local enhancement method for few-shot fine-grained image classification.
Multiple sub-images with different resolutions are obtained as input images by reducing the sampling rate downward us-
ing the image pyramid and by integrating multi-scale features to enrich the sample information. A knowledge-guided
module is employed to capture semantic correlations between support and query samples, which enhances the feature
representation of important regions in support samples. Kronecker product operations are performed on the embedded
feature maps of support and query samples to generate spatial correlation maps. This way enables more accurate localiz-
ation of the positional correspondence between sample features and highlights the discriminative area. Experimental res-
ults confirm the robust classification performance of the method in the classification task of few-shot fine-grained im-
ages.

Keywords: few-shot learning; fine-grained image; image classification; multi-scale feature; relation network; deep

learning; data augmentation; semantical correlations
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AT B EAS SCHR R B 7 R /N AS R 1]
180 AT 55 B B, 43 BIAE 4 4N 2 N
JINEEAS R B S5 R ) A B L R AT AE DG S5, AN
1R, X SR 4 43 5l 2 MinilmageNet!''1
CUB_200 20118 Stanford Cars®”, Stanford Dogs",
ARSI T A S5 B o AR AN R AU A ) B a1
B 300 000 ™1 5l 2k, 7£ 5-way 1-shot 1 5-way
5-shot B'E T, ¥R Conv-64F 1E K F51iF $2 HL
v, FEYINZRad 78 vh X A i A iz HBE LR BT | Bl
BT B0 2 R A 7 B 1 o, AREAS BB R /N
B3 AARRIRE, KNG 2 84 18 % <84 4
K64 MR E <64 1R RE M 4818 E <4818 %K, Kk H
Adam AL K FF LRI ZRBE Y, 22 2] ) i fk
90.001, fEMHAKT B, 1@t 600 4> BEPLAE LAY 1
ORI A AT 2 7 R HER %
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Table 1 Datasets information

wisesn 0 Lok LR TR
§5\ Jg KA Ok
MinilmageNet 100 64 16 20
CUB_200 2011 200 130 20 50
Stanford Cars 196 130 17 49
Stanford Dogs 120 70 20 30

A S G SRR 2 AN /IR AS di R BE ]

185 25 N S5 VEA O vk
Ay = MM

Ao MR B B R BUE, M3Ros DA B
AP R IE B R B
32 XX RS

T VAl MKGRE 75 /N A 40k B R 5325
1155 v B R, AR SC43 51 7E MinilmageNet, CUB_
200 2011, Stanford Cars, Stanford Dogs £ ¥z 4 |-
Vo H 5 H A A SE R Y O T LA
3.2.1 MinilmageNet /s R 438 £ 0045 R

AR T EFE MinilmageNet 2088 45 [ 847 5¢

B, SR AN 2 s, IR nT LOWEL 3, #F
5-way 1-shot 1T 55 &5, 430l LUAZ e 56 T /2
M BFE R MatchNet ., ProtoNet. RelationNet 143 2%
HER R4S T2 14 AR 8 HAr s fl 7 H A
A3, A T, MsKPRN H A # 8 I HER K, 1%
J7 8 e SRR A R A R AR AR BSR4 1 3 A
AR RUBE RNV A W45, SR 5 BT e % P 5 FHL 48
1B, TH8 R AR Z 8] () 467 B AH DG I, 0 O &R
5T IR AR A 5 A SCRPREAS IO A OC R AL, A
HZ Wk RE AL RS 2%, SEI A28 X FP oy
RS T AR S SRR AR 22 8] ) 4
KFR, ZWE TR Z 8] BT 5 1T SOAH G,
PEASCHR R F RS | BT UR HE A A 5 4
A LHFFEAR Z [ IS SUAF S, 3R SRR AR )
X I EFIE R IR, 1-shot 33 T i J5 0 JSUHEHR R
A4 F MsKPRN #2758 T 29 0.7 H 43 5. 7E 5-way
5-shot 1145 3 5t 'F MKGRE tHLEUS T 488 1Y 432
BOR, (HRIA 1-shot Z Rt YRR 3, F2IEH
TSI ER B R TR D I ZRFE AT S 4
25 5 0y BG4 25, BN ZR I8 R b, AR SO0 ik
PETH 3 P BRI AR X R 4T

% 2 MinilmageNet Z{IIEE D KER
Table 2 Classification results of MinilmageNet dataset %

MinilmageNet

ik 1-shot 5-shot
MatchNet!'!] 43.56+0.84 55.31+0.73
ProtoNet!'? 49.42+0.78 68.20+0.66
RelationNet!"! 50.44+0.82 65.32+0.70
GNNE 50.33+0.36 66.41+0.63
DN4U'8) 51.24+0.74 71.02+0.64
MSDNH! 52.59+0.81 68.51+0.69
RPMN#! 53.35+0.78 69.35+0.59
RCN# 53.47+0.84 71.63+0.70
MsKPRN[P! 56.07+0.84 71.56+0.66
MKGRE(4X) 57.78+0.94 72.08+0.63

322 kBB EERELER

A SCHE B A CUB_200 2011, Stanford
Cars, Stanford Dogs 3 ™44 & E5 #i bl 4 Ltk A7
S I 5 HoA g b AT e, SEER A Rk 3 fr
N, i Conv-4 SHRFIEFEEES, 45 KB TE 5-way
1-shot 1 5-shot SZ 4 i MKGRE 75 41 K7 B B3 4
ARAF B PR RE B T3 T R F T Ok,
Ui kr B R SR L EMR < RN Z R R, R =5
JNTPRRE S, T DAL B 3 A A o HL A R R
RCN F) FH 4% 5% AH U4 5 S 3 5 R AR FiL A ih) AR AR
X 2Z 1] ) L35 DX 3k 43 B A EE . MsKPRIN A —
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B FRIR, P I 5 S N s B AR R AE B
Z A B AH DG, 45 A SR BRI B AR B E

7 2 S5 40 F0 0 20 R B T A5 1) O A T IX 43 X3k
T CUB_200_2011 %4 % % 1-shot Fl 5-shot 5
Pt RCN ik PERE 42 T+ T 29 5 A 43 4 H
1.6 T 4% 55, AHE T MsKPRN J7 i 1 1 28 43 ) 42
TFT 22 B S M 0.7 B & . 1E Stanford Cars
B 1Y 1-shot S50 H Fb MsKPRN J7 v Ui R
BT 2 B85,
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Table 3 Classification results of fine-grained image datasets %
o CUB_200 2011 Stanford Cars Stanford Dogs
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
MatchNets!"! 45.30+1.03 59.50+1.01 34.80+0.99 44.70+1.03 35.80+0.99 47.50+1.08
ProtoNets'?! 37.36+1.00 45.28+1.03 40.90+1.01 52.93+1.03 37.80+0.99 48.19+1.03
RelationNets!'” 53.11£1.01 67.45+0.79 47.67+0.47 60.59+0.40 43.33+0.42 55.23+0.41
GNNE 51.83+0.98 63.69+0.94 55.85+0.97 71.25+0.89 46.98+0.98 62.27+0.95
DN4U'® 53.15+0.84 81.90+0.60 61.51£0.44 89.60+0.44 45.734+0.73 66.33+0.66
LRPABN™! 63.63+0.77 76.06+0.58 60.28+0.76 73.29+0.58 45.724+0.75 60.94+0.76
RCN 66.48+0.88 82.04+0.58 — — 54.29+0.96 72.65+0.66
MattMLP! 66.29+0.56 80.34+0.30 66.11£0.54 82.80+0.28 54.84+0.53 71.34+0.38
MsKPRN? 69.49+0.95 82.94+0.65 76.64+0.84 89.88+0.46 57.05+0.91 75.85+0.68
MKGRE(430) 71.720.90 83.91+0.58 78.510.84 90.000.45 58.63+0.98 75.53+0.66

X R T 2 ROBE R AR AR RS o RO 4R
E R 2 R Z 0] i 38 AR S RN B A7 B R 8 i
PRI DX IO IR GERE B R S R A
FHA B ER
33 HBLSLIR

A SCHE CUB_200 2011 $edfidE Eybfy T —8b
TH RS0, R RO R/ A B1E
SR AR B AL AN 58 B N T8 BUSEHRG /INVEE A 41
LR R AT S5 A 8 . AR R RIS B
XSS TR 43 24 V) S 1) T i S B 2 SR N 3R 4 BT

x4 HEXRELER
Table 4 Ablation results %
RPERN CUB_200 2011
84x84  64x64  48x48  5-way l-shot  S-way 5-shot
\ 71.38£0.92  83.13+0.62
\ V 71.72£0.90  83.91+0.58
\ \ V 71.00£0.97  82.90+0.63

AR — RUBE TR AT IR R A 4 O3 42 Y
FAEAR R LB —, B /INVREAS diREE 73 28 4E
SRR AL o 1E 84 R E x84 R KA 64 1%
X604 IR 2 A KB T $ R SR AIE He A B —
ROZETF 3200 K MER R m 2 0.4 |20, L
3 A RBERFAE 73 FEHERG R 29 0.7 F o0 o X2

R R ZE N A A3 /D W I 50 S IO A B RRAE
{7 B8, 2 RERHIE S HUAT DL e s RUBE o i
oo BEBURAE AR B B IR, S35 0 B R AR IE
AT PERAFIE Z 5 B B oAb o i BTN 48 18
2 <48 R R R/ N EMR B REAR B o BRI R
K, BT HRRIE RN S BUBRAZ BF i K, 200 T %
PEIC) FRRAE DX 3, 7 BT 2 IX A3 1 0 A B kg T 5 Mg
AT S o 8880 . 45 B, @ 3R I AR
] RUBE () MG AR AE AR ., TR AR 5 | A e Xl
AR SR F 3 i R 5 B TN v RS A 7 AR
K, X HE i AR A B R Ay AT S5 A
B,

R T SRR G SR 5 B P S R X
X W 48 2 2 FEAE BB T AU RZ 0, LA CUB_200_2011
BAEEN) S-way 1-shot {155 5 K, TE X R W
2% RN Y BEAl B, 0 5 — AN P R A7 il S 3
FERAERIE S,

R5 EREMIBER

Table 5 Experimental results of module ablation %,

LN ERRLE: HERGR
RN Conv-64F 53.11£1.01
RN+KGM Conv-64F 68.03+0.01
RN+KPM Conv-64F 69.48+0.95
RN+KGM+KPM Conv-64F 71.720.90
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Fig. 5 Heat map visualization
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