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An Improved Multi-Gate Feature Pyramid Network

Zhao Tong, Liu Jieyu”, Shen Qiang
College of Missile Engineering, Rocket Force University of Engineering, Xi’an, Shaanxi 710025, China

Abstract The feature pyramid network (FPN) adopts the method of upsampling and addition when fusing different
scale feature maps. However, the spatial stratification information of the upsampled feature map is seriously lost,
so that direct addition will inevitably make certain errors. At the same time, the deep feature information of the
FPN structure is poorly forward-transferred, and its auxiliary effect to the shallower layer basically disappears. This
paper uses the advantages of Long Short-Term Memory (LSTM) network in processing context information to
improve the FPN structure. A top-down memory chain is established between feature layers of different depths, and
a multi-gate structure is constructed to filter and fuse the information on the memory chain to generate a higher
semantic feature map with stronger representation ability. Finally, the improved FPN structure is added to the
SSD ( Single Shot MultiBox Detector) algorithm framework, and a new feature fusion network, MSSD
(Memory SSD), is proposed and verified on the Pascal VOC 2007 data set. Experiments show that the
improved algorithm has achieved better test results, and it has certain advantages compared with the current
advanced detection algorithms.

Key words machine vision; target detection; feature pyramid; long short-term memory network; memory and
filter channel; single shot multibox detector network
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Table 1 Comparison between SSD network with

FPN structure and MSSD network

Method Feature layers mAP /% FPS
SSDF Conv4-Pooll1 77.5 46 (Titan X)
SSD+FPN Conv4-Conv9 77.7 53.9
MSSD Conv4-Poolll 78.8 27.1
MSSD Conv4-Conv9 79.0 31.7

4.1.2 HiEmssHn

MSSD HFRIE Rl & 25 F 4 e FPN KB T 1 X1
16 BUZ L IR DR (1 R FE SO G T HE
EF AR FHAR I 77 2 (Sum) . M 86 IE 1% ok 1A
R PR B LAt T 2% 25 4, 43 S a2 7 LB 1 X1
(45 B2 R A5 R FH R A R B AN A4 0 . OF 5 5L i
W2 R A7 e, gk 2 FroR, Hop o/ ROoRME . B
J&i s RS % S0k 21 14 25 145 )5 34T AR 1E il
I} SR FH B Max il 4 7 206 A< 55 F il 25 46 3 17 %)

R 2 MG S O BOR T T

Table 2 Comparison of improved effects of fusion structure

Conv 1 X1 Feature fusion mode Deconv or bilinear interpolation mAP /% FPS
N Sum Deconv 78.9 31.2
Sum Deconv 79.0 31.7

N/ Sum Bilinear interpolation 78.5 40.1
Sum Bilinear interpolation 78.5 40.2

Max Deconv 78.2 36.4

Max Bilinear interpolation 76.6 42.2
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Table 3 Analysis of effectiveness of memory

and filter channels

Number Forget Input Output mAP /%
gate gate gate
1 N/ /
2 N 75.2
3 N /
4 N/ N/ 78.6
5 N N /
6 N N 77.9
7 N N N, 79
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Table 4 Performance comparison of different basic networks

Method Network mAP /% FPS
SSptH ResNetl101 77.1 18.9(Titan X)
SSD+ FPN ResNetl01 78.7 39.1
MSSD ResNetl01 79.3 23.7
MSSD VGG16 79.0 31.7
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K FH ResNet101 & At [ 2% (1) DSSD300 1 78.6 % 1
A O04% T, M ABIR R ST R 512 pixel X
512 pixelfit . MSSD M 2% 76 VGG16 LK B 0 DA ik
# 81.0%.

%6 FHAAE SSD W45 - kA7 etk i B8 9k
e, FHhlZES S VOC2007 Fit VOC2012, il ik
0 VOC2007, FF A7 Sk ¥ 2 0 45, IOU 3
B 0.5, Mok, MSSD300 16 L VGG16 4%
TIE 42 P00 4 I S 1 3 E FUORS B2 L 7R SSD Y AR 22
HER 2 R O T AP PERE . 7EHR A A 300 pixel
X300 pixel % HF, MSSD 445 B 78 & 25 & s vh
1 o

22 7 NAE 300 pixel X 300 pixel P i A BT )
SSD 3 it MSSD 8. 2k XF /N B A5 19 A6 0 K B2 Xt
Fo. # MR SCHk[26 7 4 32 pixel X 32 pixel LAF Y
Hbr 2 R/ B A 47 D05 C56 HiE 48 1) B S H bR
1245 88 32 pixel X 32 pixel AT ), NEPATUF
R DN 400 WA N S W R bl IR S (0 o3 2
(0.9%),

0815005-7



Es i

5 BIOHRE I FIAE VOC2007 4k 4 TR B Xt L
Table 5 Accuracy comparison of various advanced deep learning algorithms on VOC2007 dataset
mAP /%
Method Network
Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Mbike Person Plant Sheep Sofa Train Tv  Average
Faster3]  VGG16 76.5 79.0 70.9 65.5 52.1 83.1 84.7 86.4 52.0 81.9 65.7 84.8 84.6 77.5 76.7 38.8 73.6 73.9 83.0 72.6 73.2
TONL23] VGG16 79.2 83.1 77.6 65.6 54.9 85.4 85.1 87.0 54.4 80.6 73.8 85.3 82.2 82.2 74.4 47.1 75.8 72.7 84.2 80.4 756
Faster[18]  ResNet101 79.8 80.7 76.2 68.3 55.9 85.1 85.3 89.8 56.7 87.8 69.4 88.3 88.9 80.9 78.4 41.7 78.6 79.8 85.3 72.0 76.4
MR-CNNL21]  VGG16  80.3 84.1 78.5 70.8 68.5 88.0 85.9 87.8 60.3 85.2 73.7 87.2 86.5 85.0 76.4 485 76.3 75.5 85.0 8.0 78.2
R-FCN[22] ResNetl01 79.9 87.2 81.5 72.0 69.8 86.8 88.5 89.8 67.0 88.1 74.5 89.8 90.6 79.9 81.2 53.7 81.8 8L.5 85.9 79.9 80.5
SSD300L6)  VGG16  79.5 83.9 76.0 69.6 50.5 87.0 85.7 88.1 60.3 81.5 77.0 86.1 87.5 83.97 79.4 52.3 77.9 79.5 87.6 76.8 77.5
SSD51206)  VGG16  84.8 85.1 81.5 73.0 57.8 87.8 88.3 87.4 63.5 85.4 73.2 86.2 86.7 83.9 82.5 55.6 81.7 79.0 86.6 80.0 79.5
DSSD321011] ResNet101 81,9 84.9 80.5 68.4 53.9 85.6 86.2 88.9 61.1 83.5 78.7 86.7 88.7 86.7 79.7 51.7 78.0 80.9 87.2 79.4 786
DSSD513011] ResNet101 86.6 86.2 82.6 74.9 62.5 89.0 88.7 88.8 65.2 87.0 78.7 88.2 89.0 87.5 83.7 51.1 86.3 8l.6 85.7 83.7 815
MDSSD300[25] VGG16  86.5 87.6 78.9 70.6 55.0 86.9 87.0 88.1 58.5 84.8 73.4 84.8 89.2 88.1 78.0 52.3 78.6 745 86.8 80.7 78.6
MDSSD512[25] VGG16  88.8 88.7 83.2 73.7 58.3 88.2 89.3 87.4 62.4 85.1 75.1 84.7 89.7 88.3 83.2 56.7 84.0 77.4 83.9 77.6 80.3
YOLOV38) Darknet53 85.5 85.5 75.6 70.0 66.5 87.6 87.7 89.4 64.3 83.5 73.6 85.9 86.9 86.2 83.3 56.2 75.3 78.0 86.4 77.8 79.2
MSSD300  ResNet101 81.2 87.2 78.7 72.7 53.4 86.4 85.6 89.1 63.1 84.5 80.0 87.5 88.9 84.8 78.8 545 80.9 83.2 87.1 77.4 79.3
MSSD300  VGG16 81.6 85.8 78.0 74.0 55.3 86.2 86.5 88.2 64.6 85.9 76.9 85.4 87.7 85.2 79.5 51.1 78.8 80.8 87.9 78.6 79.0
MSSD500  VGG16 87.6 87.2 83.7 75.5 57.8 86.7 88.4 89.5 66.3 84.6 78.9 86.8 88.1 86.4 83.3 580 8l.4 81.0 884 78.1 81.0
6 A LT SSD iy e 5k i I g5 R % L
Table 6 Comparison of test results of various improved algorithms based on SSD
Method Network FPS GPU # proposals Input size /(pixel X pixel) mAP /%
SSD300 VGG16 46 Titan X 8732 300X 300 77.2
SSD512H VGG16 19 Titan X 24564 512X 512 78.5
MDSSD300M VGG16 38.5 1080Ti 44530 300X 300 78.6
MDSSD5128 VGG16 17.3 1080Ti - 512X 512 80.3
DSSD321M! ResNet101 9.5 Titan X 17088 321X321 78.6
DSSD513H! ResNet101 5.5 Titan X 43688 513X 513 81.5
RSSD300M"] VGG16 35 Titan X 8732 300X 300 78.5
RSSD512M VGG16 16.6 Titan X 24564 512 X512 80.8
MSSD300 ResNetl01 23.7 1080Ti 8728 300 X300 79.3
MSSD300 VGG16 31.7 1080Ti 8732 300 X300 79.0
MSSD512 VGG16 17.3 1080Ti 24564 512 X512 81.0

7 SSD B A MSSD B8 3k %F /I B A A 6 0K 2
Table 7 Detection accuracy of small targets by

SSD algorithm and MSSD algorithm

Method mAP /%
SSD-e 55.4
MSSD 56.3

MSSD &k 1 &8 73 Al Ak 45 R an &l 5 s s =
HZE A SSD B A7 S MSSD B3, Ak by il 4G
FKEGGEM., K5 H SSD A kI k T A1
& 5 (b) iy MSSD 878 H bR A7 K i 5 5 19 1% 3

RS T LLAR G WA I B A H AR, B 5o
B 5 (d) H#R A7 A8 e K i P42, SSD Bk Tk T A
F—EEHE . MSSD 5k Hllw ke 1 — i BE 610 2 ik
HE F19 VA B 5 AN % CRE Nt A & 3F T HE) . Bl 5(e)
FE S5O, fE7E /N RBE B bR, SSD 3% e K 1
MSSD 8. ik B 47 A I 2 TR 4. K5 () M
K5 SSDHEERAE T S AMETEES
N L T MISSD B8 ik A6 0 o B . BT A5 B o HE 75 43
FL.SSD Bk AR ., BRI EESA
A5 5 AR, B MSSD 55 32 A X ke Ut o 5 A7 A1
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