#5056 % 4 2310

Wt 5 ot w1 o ik R

2019 4F 12 A Laser & Optoelectronics Progress

TR R A A B PR 25 1) H B 5 30%

T N 4
e, BEM, AFE I
RERFHEAA N EFEE LB, Kt 300072

FEE BEE F ARG I v A W A T ROR VB B R, BT T — Rl T Ot Y R AR R IR0 2% Y AR Ak
T K I SR AR AT R 1 9 s OB T — UG T 2%, T T AR AR U 55k Faster R-CNN B RFAIE 42 B ; i S5 18
B B SSTIN B 20 o AR AR R ) (NMS) LR HEAT 1 R+ 9 R FHT 0 S SF- 349 5 326 3R O 78 22 4 T A9 000 A 114 oz
B 78 VOC 2007 #1 VOC 2012 B i b b A7 52 596, 3R W AR SCET s be 28 i 1 0 s A 00 4 00 B0 00 2 4, o i 258 3
79100 FETFT 306 ~4 0 BRTE T A SCH B A AUk .

REEIR BB WIEES s BRI FRIESREG R M 1 4%

hES%ES TP391 XEFRIRAS A doi: 10.3788/LOP56.231008

Object Detection Algorithm Based on Improved Feature
Extraction Network

Qiao Ting, Su Hansong, Liu Gaohua”, Wang Meng

School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China

Abstract In this study, an object detection algorithm is designed based on an improved feature extraction network
to solve the shortcomings of low object detection accuracy and inaccurate object position detection. Initially, the
training set is enhanced; subsequently, a two-path network is designed for usage in feature extraction of the Faster
R-CNN algorithm; finally, the non-maximum suppression mechanism is improved in the prediction part of the
algorithm, and the weighted averaging method is adopted for obtaining the positions of multiple similar prediction
boxes. The experiments conducted using the VOC 2007 and VOC 2012 databases denote that the proposed

algorithm outperforms the classical object detection algorithm, with an accuracy rate of 79.1% and an improvement
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of 3%-4%. Thus, the effectiveness of the algorithm is verified.
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Fig. 3 Node representations of cell structures of ResNet, DensNet, and two-path networks. (a) ResNet network;

(b) DensNet network; (c) two-path network
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Structure of feature extraction network

Table 1

Layer Output size Detail
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L 1 X1 conv |
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Conv2 56 X 56
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14 X14
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Table 2 Comparison of complexity of different feature

extraction networks

Feature extraction network Depth Parameter /10°
VGG-16 16 168
DensNet(K =48) 161 111
ResNet 101 150
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Fig. 4 Examples of traditional NMS problems. (a) Horses; (b) birds
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Table 3

Influences of IoU threshold, 8 parameter, and weighted average on AP (0.5, 0.6, and 0.7 represent different

IoU thresholds; w represents weighted average)

Different parameter AP’? AP AP° AP AP’ AP ™
Normal NMS 44.37 44.83 39.18 39.67 29.83 30.34
B=2.5, 0=0.4 46.42 46.92 42.83 43.40 34.68 35.24
B=1.67, 6=0.6 46.58 47.11 43.30 43.79 35.21 35.76
pB=1.25, 6=0.8 45.93 46.45 41.68 42.21 33.01 33.53
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Table 4 Influences of data augmentation and improved NMS mechanism on accuracy
Detection framwork Backbone Training set Testing set mAP /%
Ours Proposed VOC2007+VOC2012 VOC2007 79.1
No augmentation Proposed VOC2007+VOC2012 VOC2007 76.6
No improved NMS Proposed VOC2007+VOC2012 VOC2007 78.0
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Table 5 Influences of different epochs on accuracy
Nums of epoch Learning rate setting mAP /%
0 No warming up 78.20
2 0.01, 0.1 78.25
3 0.001, 0.01, 0.1 78.36
4 0.0001, 0.001, 0.01, 0.1 78.67
5 0.00001, 0.0001, 0.001, 0.01, 0.1  78.71
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Fig. 5 Trend of parameter quantity of feature extraction

network with Top-1 error rate and 52, 100, and 133 layers

KT M4 K K XL, R w2 25 et
[E], 348 52 EM 4 it T K b 12.18.24.48 14
il 0 (P16 rp gl s 22 B0 A AU HESD . iR
6 AT A5 R AE B2 IO 2% 2 5 e i) L B K R 3
T, W26 2 H0AS W 3G 0, 18] B Top-1 5 13 28K W T
o 3 T AR A T 36 AN IR 42 R, A R 1 R A T 42 T
K 5 48 B, Top-1 iR ¥tk K K 18 B} FFE T
0.8% . EBHIZARME W 4% BE % 38 i PF 42 1 — 2 10 48
TIE S 380 5 22 2 W di AR AR AR b, T 4 B BT B R
FIA B B2 T RRE B &2 RIAL B 5 DT BE 8 2% 2] 2
IR o AR AR
3.4 KRS A0S R B

&6 2 AR SRV R HL At R 1% G 00 R A 00

22.6( (18.7, 22.4)
_224

S 2225
£ 2201
~ 218}
221.6
F214
21.2 . (834,213)

(30.6,22.1)

(55.1, 21.6)

0 20 40 60 80 100
Parameter /10°

K6 4K R 12,18,24,48 [ HRHIEHEH
W) 4% 119 2 i Rl Top-1 4 12 i 34 &
Fig. 6 Trend of parameter quantity of feature extraction

network with Top-1 error rate and network

growth rates of 12, 18, 24, and 48
UM I S AE R valll [ sVl R EY S e I N X
TR (2% ZH0CR 133 )2 ZE IS KA 48) B AG I S B2
N 79.1% #8337 one stage Ml two stage KRB,
BT HRT VGG-16 ) Faster R-CNN #% 5.9 I~ H 4»
BB T A& F ResNet-101 #J Faster R-CNN % ¥
2.7 AN 43 L T U AR B0 BT YRR AR £ 2R 2%
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A SRR RS N S S 2,10 frame/s, 1 T A B%R
it B[] I 228 3 A B A R ) PN 4 s B G T Y
REAIE 4 IR0 28 R, T UK, T 32 O A I I Y 4
Th o ABJRA SO By 4G DU B B2 L G T MR-CNN 55 32%
2.07 frame/s, i F Fast R-CNN 5 :1.60 frame/s, 7E
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Table 6

Testing results of different algorithms under VOC2007+VOC2012 training sets

Method Backbone Training set Testing set mAP/% Frame rate /(frame * s~ ')
Fast R-CNN VGG-16 VOC2007+VOC2012  VOC2007 70.0 0.50
Faster R-CNN VGG-16 VOC2007+V0OC2012  VOC2007 73.2 7
Two Faster R-CNN ResNet-101  VOC2007+VO0OC2012  VOC2007 76.4 2.40
stage MR-CNN ResNet-101  VOC2007+VOC2012  VOC2007 78.2 0.03
10N VGG-16 VOC2007+V0OC2012  VOC2007 76.5 1.25
Ours Proposed  VOC2007+V0OC2012 VOC2007 79.1 2.10
YOLO GoogleNet  VOC2007+V0OC2012 VOC2007 63.4 45
YOLOv2 Darknet-19  VOC2007+VOC2012  VOC2007 78.6 40
One SSD321 ResNet-101  VOC2007+VO0OC2012  VOC2007 77.1 11.20
stage SSD300 * VGG-16 VOC2007+V0OC2012  VOC2007 77.2 46
DSOD300 DS/64-192-48-1VOC2007+VOC2012  VOC2007 77.7 17.40
DSSD513 ResNet-101  VOC2007+V0OC2012  VOC2007 81.5 5.50
y E i s B o AR 5 e IR S Y T 2 i T NMS B

B2 — ol 56 T AR 4 R A I 2 1 E s A
Bk B Faster R-CNN {451 15 B9 2% %5 e 3 A
T T8 0 2% 5 R IR X I Sk S E AT T B EE R BT | e FE

B XA ToU KT 15 (B A9 79000 A 1 8 15 2 40 ik
ATBEAR , X5 A7 76 22 A AH 3 04 T80 HE A9 437 B 328 47
RO LAEE S ME AR B2 . SE 30 45 R UE WY AR SCRE Y
R RS B 79.1 %, ke M B BE R 2.1 frame/s, AH L
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