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Abstract

With the development of computer vision, the accuracy of target detection technology has become
one of the important research contents of researchers. Target detection is divided into one-stage
and two-stage detection methods. Among them, YOLO and SSD belong to one-stage detection, and
R-CNN (Fast RCNN, Faster RCNN, Mask RCNN) belongs to two-stage detection. The accuracy of ob-
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ject detection depends on the quality of feature extraction, and feature pyramid is a basic compo-
nent in a recognition system for detecting objects of different scales. Mask RCNN is a two-stage
target detection algorithm based on the segmentation mask area proposal convolutional neural
network, with relatively high accuracy. This paper mainly starts from its feature pyramid network,
and studies the improved algorithm of feature pyramid network in recent years. The research found
that: based on the original feature pyramid network, the introduction of a new bottom-up or
top-down side-connected feature fusion path can fully utilize the underlying information; the fu-
sion methods such as bidirectional and hierarchical jump connections can improve accuracy rate
of small target detection. The improved algorithm effectively improves the accuracy of target de-
tection.
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X IR 22 R 25 (R-CNN),  7E H AR, K2R B 25 ST AL R FH A, R R B R 28 6 H A i
VOHAT 7328, RIS RAFI HARE RS FE,  SCI B AR EIE RAT I o  TA b S 43 I FH 3 BE AR — B B 1)
YOLO, SSD % 5i%, R-CNN RZMEJ M B, K5 EEARX &m . (Ha2x T R-CNN BERAE R,
MR — N2 BIRKE, G EE L, HAE T IAI/FiE 2. R. Girshick [2]#&H T Pk X 55
A28 ) 26 (Fast R-CNN) /77, 5INRFIE & FHE M 45 (FPN)Ri A 22 R RFIEBL I, DAL R E SR B 72 o
HE K M %5 A\ [31% % BUE B G X3, RS0 I8, 3507 Mask #0455, $8& H— Pl T 70 BIHERD X 485
FRAZE Y 4% (Mask R-CNN)J 5%, H.ikidk T Faster R-CNN [4]91 Rol Pooling, HUNBUEERE, f# XL
PESGE RAG T AR BN — YO REFRMIE, A RER & 1 FIRR

B & PR (MO R R 4 738 [SIRES B RES, w2 T R E amA R E R A &
MR ERAEN T TRORIRBURHE AR, S EE A . BBREFIEAR T HE L2 RIEREEST
BEME—I7E, BREFIEHZANER, MR8 — 12N, 252 2R H A O
IY HERR A] o B —RRAE [ 6] /2 o0 5 AR AH 22 I £ 15 31 1 o — ROBERFAE ISR ], VR D9 Tt i B ) i — %
N RRGARL 1 AT IUI[A] o <5 BERFAE 2 IR S5 K[ 7] 2 B B8 H] ConvNet T B G FIFRHIEE IR G5, 2K
LT —AMFEA I R 4 738 . RRAIE 4 738 I 28 2 R F B AR I 28 RFAIE 2 IR G5 00 I & 35 TR, T8 AR ik
— M BB TEAT B UE B EA B E SUE B RHE S 78, 485 T RN GRImt ), mT BAR T DU AT A
BREETH B R .
2. FHESFIEMLE

Tsung-Yi Lin %8 A\ [81FIH 2 REEIRFE SRR 2% 1[G & 755 2 IR 451, LA BREnsh A i B R AIE 45
T, PR TP BB ERE R E BTN, TR A RPE I 08 SCRHIEIR, 1280 N
TEEFIE M (FPN), a1k 1 FioR. SN BRI BN 4 A2 1 {C2, C3, C4, CSIFFAEMS I, HRRAE R
AN JE & HI(1/4, 1/8, 1/16, 1/32), {P2, P3, P4, PS5} N H i Nl e R IE R A 19 2 o Zad FEgR

DOI: 10.12677/csa.2022.1210238 2332 THEAUR 5 R


https://doi.org/10.12677/csa.2022.1210238
http://creativecommons.org/licenses/by/4.0/

ZEUUR, M

LR 5 2 f] 5 R SR AN B (L B R A ) o

275

— 1*1%%

Figure 1. Feature pyramid network (FPN) structure diagram
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Figure 2. Add a new path to improve the FPN structure
B 2. FTE—KIRZHY FPN B E

Figure 3. Add two new paths to improve the FPN structure
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4.2. BT BB S FIB R KRBt

TEHAT S BT S5 0, Mask 2 FEH T AR ST BRI ES, B, BR%0NH,
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Figure 4. Flow chart of improved algorithm of Mask RCNN in series FPN
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Figure 5. The structure of BiFPN
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U EA N GIRIE S SR E RIERR, A R, Rl Re il 221 B f 22 ) 245
R 2 RUZRIEBUN B, > FPN ZHITURE R, RN fEbr EA — @RI . x T AUk
BN 2 N0 FE RS AL R & AR R SE B (2 A5 B A AR, EA R

4.4. BT 5 =R ER S Bzt

ERRAREN[23]09 7 0% Mask RCNN SUAFEREIK EE H AR 73 B b A 3, IR < im i) il 7
el 7y R OE R & 7 20K 2 RUZRHE R BEAT Rl G, a0 6 P, HA{C1, C2, €3, C4, C5, Co} (3 th ki

DOI: 10.12677/csa.2022.1210238 2335 THEAURF 5 R


https://doi.org/10.12677/csa.2022.1210238

R, R

ZRHE)H {C1, C2, C3, C4, C5, Co} il 73 JZBhIER & AT i3, bz a5 EASATLIE . XF T {P2, P3, P4, PS5,
POMRFIEI T R, P2 B C1 Fl C3 &34y EBbiERI G H S P3 #H TR & AT15. P3, P4 FF. PS H&
i C4 1 Co oy EBRERNES TS, C6 5 P XAGE 1 * 1 KB,

{C6,; ]
= o] ——
e

] C4

{ /
—
— P2
-

Input Image

Figure 6. Hierarchical skip-connection fusion feature extraction network
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