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Few-shot Object Detection Based on Feature Fusion

HUA Jie, LIU Xueliang and ZHAO Ye

School of Computer Science and Information Engineering, Hefei University of Technology,Hefei 230601, China
Abstract Few-shot object detection aims to train target detection model through a small amount of sample learning. At present,
most of the existing few-shot object detection methods are based on classical target detection algorithms. In the two-stage detec-
tion method,due to the small number of new class samples, many irrelevant border boxes are generated, resulting in low accuracy
of candidate regions. To solve this problem,this paper proposes a few-shot object detection algorithm FF-FSOD based on feature
fusion. It uses the feature fusion method to enhance the data,supplements the new category samples,increases the coverage range
of the sample.and introduces the FPN network to extract multi-scale feature. Then,the RPN network is improved,and the sup-
port set image branch is introduced. The depth correlation between the support set image feature and the query set image feature
is calculated,and the attention feature map is obtained,and the more accurate candidate box is obtained. The effectiveness of the
proposed model is verified on MS COCO and FSOD datasets. Experimental results show that the proposed method obtains more

accurate candidate boxes and improves the detection accuracy.

Keywords Few-shot learning.Object detection,Deep learning, Feature fusion,Feature pyramid
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Fig. 1 FF-FSOD algorithm structure
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Fig. 2 Feature fusion module
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X G I 235 R ) 0

R i il Pytorch #E%2 , Pytorch Fll torchvision B iR 7% 43
SR 0.4.1 F10.2.0.NVIDIA A9 CUDA FiAN 9.0, AICHY
TR feft Y AL AR BE T I AT i 3 s 1 2L ZE BT 11 200 iR AR
WL 2R S RBEE R 0,001, J5 800 RIEAL R H N 0.0001, 5
— MY H AR — 4, A SCE E T Resl-3 )2 M RLEH X & 2
BTN Gk it S5 . A SO A AR BRI KA R E
N1 000 1R B 600 1R 2, X 0 4 RGH0T J5 ik
IFREIF, fix & % S 320 X 320 18 19 B4, R FH & #45
¥R AP, APs . AP HEATITAR
4,2 MS COCO #i#E&

TEAR /N o R SCHE MS COCO $HE 4 F it AT T % b s
5 R HARHE COCO 8 AR AT VM, 5 2 LBy /NEEAR H bR i
ML S R 1 g, R A 0077 12 ik %=
NGRS Ok P A M L g5 R, YOLOv3 608 X
608" IR ARAE/NEEAR BAR I 1 E— R LR A
TP A RALAE XS S, NEE 1 AT LR WL A SCHE A9
TE AP, APs,, APy 48 45 b, lL MPSR 43 3l & i 1. 6%,
3. 1% M 1.5% LW & T FSOD, 43 5l & 0. 3%, 0. 6%
0.6% ., STUREE R A SR B R AR S A T AR AR
BEAR BRI T R AE @A B, DL RPN 45 30 47 e it A
Jo L BA T GRS R, AR 2 A AR H AR A I 7
A L AR SCHR A T et B S B R R R

F 1 MS COCO ¥ 4 52 46 45 5

Table 1 Experimental results of MS COCO dataset
CRAE %)

AP APs, APs
YOLOv3 608X 608 * [28] 33.0 57.9 34. 4
Meta YOLOL0J 5.6 12.3 4.6
Meta R-CNNE5J 8.7 19.1 6.6
TFA(w/fc)28] 10.0 — 9.2
TFA(w/cos) 28] 10.0 — 9.3
FSODL™] 11.1 20. 4 10.6
FSCEL20] 11.1 — 9.8
UNIVERSAL PROTOTYPE2%] 11.0 — 10.7
FF-FSOD(Ours) 1.4 21.0 1.2

N T WRFE LA I e oA RS B Y B e AR SO R T
R kB X SR AN 2 B o, A SCR A R AF il & 9 5
AT BOHE B 0 X R S IR AR AT AN ST R T AR A
. NFE2ATUEH,ALA HIH 0.5:0.5 B k2
0.5 B R R AL & 38 I, K 0 LR B AIC S & 08 /N B R J2:
. X R R Rl A LB R B N B 2 DL RO fE
BAENES KA T SMHEAGRNEXER, SEmgmT
oAU E SN

H2 WA HLO e (XSG K G B

Table 2 Effect of fusion ratio £ on experimental results

CBLAT . %)

AP AP, AP75

FSODL7] 11.10 20. 40 10. 60
FF-FSOD(£=0.7) 11. 21 20. 62 10. 82
FF-FSOD(£=0. 6) 11. 30 20.71 10.91
FF-FSOD(£=0. 5) 11.45 21.06 11.24
FF-FSOD(£=0. 4) 11.31 20. 69 10. 90
FF-FSOD(£=0. 3) 11.19 20.58 10. 77

4.3 FSOD $iiB&E
%} T N-way K-shot ¥ il [a] % , A< 3¢ 7 FSOD # 4% 4 -

WETAFEMN NEMK ERRIEA SRR MR, X b 45
R 3 Frd),FSOD" KRG WL, MK 3 Al LA M, 2-
way B ZR2E B b 5-way W& I, 7E 2-way 5-shot fl 5-way 5-
shot W, fERL A Ll & R 0.5 I 80 R B A 40 B 7E AP, FI
AP 4685 FIRBN T 65.96% .42, 47% ,66. 26 % Fl 42. 26 % , Al
H FSOD 43 54T+ T 1. 05%.1. 56 %, 1. 23% F1 0. 59% ., 4
G A2 R 2 SIS A, ULV A A L A R XA DR B
KB A 504, JF H A FSOD il MS COCO % 4 4k | 84 #4 % 41
[, UL Al L) p fH A SE R 5 R B A G R 3 %
A ] T AR SCHR A BB DT IR TE AR AR T N E R
B EE B Z 5 AR AR AT I 5 4R T T /NEAR H
o AL I 4
F 3 FSOD Hudhs 4 5056 45 5
Table 3 Experimental results of FSOD dataset

CRLAS . 260
2-way 5-shot 5-way 5-shot

APs APz; APs APs;

FSOD* 64.91 40.91 65.03 41.67
FF-FSOD(£=0.7) 65.63 41.98 65.32 41.73
FF-FSOD(£=0. 6) 65.76 42,34 65.83 41.96
FF-FSOD(£=0.5) 65. 96 42.47 66. 26 42.26
FF-FSOD(k=0.4) 65.78 42.41 65.75 41.92
FF-FSOD(,k=0. 3) 65.69 42.22 65. 20 41. 84

4.4 HERII

52 W0 /NEEAR B bR 7 A B AR SCI T FE-
FSOD [ 4, 8 T FRAF fil & B8 2 B FPN # B, 3F Bk
PET RPN B, O T HG# L b A B 52 06 45 52 A 8% i, AR SC
75 FSOD 4 4E 1 X] 2-way 5-shot B AR I FEAT T 8 5 B 11
SEHG LR 4 G TSR AR, R 4 WTLUE AR L FPN R
AR BICHE () RPN ASE e AR F A A BB i o 22, 7 0 AR iE
Tl A BB Tt 5 A L b 195 S B B (9 5 LT L ZE APso FTA P 1Y 4
B B BBl 3 A &5 BRI T 0. 14% F10. 1% H
e/ FPN A Bt , H45 54 JI B AR T 0. 08 % #10. 09 %6 ; & H
X RPN A B 0 47 Bk i i A 1 JH At A A5 e sk, JEC 65 27 43 391)
FEART 0. 11%6 0. 1% . BARTH &, A& SCHI AW 3 A P
X /INEEAS B AR AG I R R B T R AR .

A4 ARG b S g Y

Table 4 Experimental results of ablation in different modules

BT . %)
FEAE B A FPN # # RPN AP, AP,
H H# £ ’
NG 65.75 42.40
N 65.71 42.28
. J 65.73 42.36
FF;FS(iD N, 65.85 42.43
(k=09 J J 65. 82 42.37
NG N/ 65. 88 42.38
NG N N 65. 96 42.47
BERTE A SCERXT/ANEEAS B AR R I (A R B T —

TRHE RS 09 /DA B bRl 53k FF-FSOD, % B k4 &
P RRAE Rl A 22 RBE FPN R 4%, 0k T RPN R 45,76 MS
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