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Object Detection Based on Neighbour Feature Fusion

LI Ya-ze and LIU Hong-zhe
Beijing Key Laboratory of Information Service Engineering, Beijing Union University,Beijing 100101, China
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Abstract With the development of intelligent driving, the precision requirements for target detection are getting higher and
higher, especially for small targets that are far away. In the neck of two-stage object detection network,although the feature fu-
sion of semantic information and location information is more effective for large targets if the bottom-up fusion method is used, it
will cause big information loss to small targets. To address this problem,we propose neighbor feature pyramid networks(NFPN)
method of feature fusion of neighbor layers,the Double Rol(Region of Interest) method to fuse the FPN and NFPN features,and
the recursive feature pyramicl(RFP) method. Using Faster RCNN 50 as the benchmark, the mean average precision(mAP) of our
model in the Lisa data set has increased by 2. 6% while using NFPN, Double Rol and RFP. On the VOC2007 data set,using the
VOC07+12 train data set for training, VOC2007 test as the test set,and Faster RCNN101 as the baseline,the mAP of our model
both used NFPN,Double RolE and RFP has increased by 6 % ,and the object detect accuracy of large, medium and small targets is
improved at the same time.

Keywords Deep learning,Object detection, Computer vision, Feature fusion, Autonomous driving
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Fig. 1 Backbone and feature pyramid networks

FE TR B B ARG I D0 5% v Y iR UL B AR AR LA T I top-
down 1 B4 [f] Fl &, 40 Faster RCNN, Mask R CNNMJ,
Yolov3™"?, RetinaNet''?) , Cascade RCNN*? 45 5 3 [i] il 45 1 H
by By Bl G 7 3 — B B T B ] Rl L 40 PANet (ILIE 2(b))
H BIFPNCULIEL 2 (o)) T 7E B0 1] il 09 il B3 m 7 B R 1)
B ER A T ¥ FPNUILE 2(2) @il & T Backbone [ 4 4~
A R B0 B R AR S (P Gk S8 R AE 1R h B A KR AE . Libra
RCNN 4%t 22 RO N B9 457 4F R S 45 ) 850, $2 18 T BFPN™
(Balanced FPN, WK 2(d)) Fik, EXEHFEF, RIKED
FRAE B 20 4 W 1 oRBE /N B AR Sk Ut R L i = 1%
FAM AN 4 W RAE XN B AR KB RHAE A 7 AR T BOR
T e A N = B R = L & 1 VAN M (=05 7 7. = 4 el ERO T 1 AN
SCHR AR AR BRI Rl S 1Y 5 32 (Neighbour Feature Fusion Net-
work, NFPND , AU /b SR B (9 R DA T B AR 75 5515 3 % ik
/I B FRRAE B S



266

Computer Science THEMFI2:  Vol. 48,No. 12, Dec. 2021

S

(a)FPN (b)PANet
(e)BiIFPN (d)BFPN

B2 A TE A JE AR AE LA T

Fig. 2 Top-down and bottom-up feature fusion method
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Fig. 3 Neighbor feature pyramid network
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Table 1 Experiment results on Lisa traffic sign dataset
CHAL 2 00D
Method mAP APso AP;s AP, APm APL Backbone
Faster RCNN 65.2 76.1 74.8 66.8 71.0 70.5 Res50-FPN
BFP 63.9 75.9 74.0 63.4 71.2 77.9 ResN50-FPN
BiFPN 58.4 70.9 69.8 55.4 65.1 83.5 Res50-FPN
BiFPN * 2 49.2 59.9 58.4 49.1 56.6 78.5 Res50-FPN
NFPN -
66.1 77.5 75.8 65.9 72.1 75.7 Res50-FPN
(ours)
DoubleRol™* a7 4 768 77.5 68.0 74.3 76.0  Ress0 FPN
NFPN(ours) : : : : : : e
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NFPN+ 3# )9 4
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Fig. 4 Recursive NFPN
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Table 2 Experiment results on VOC07+12 dataset

Method mAP/ % Backbone
Faster RCNN 73.2 VGG-16
Faster RCNN 79.5 Res-50
NEFPN(ours) 81.3 Res-50
Faster RCNN 76.4 Res-101
NEFPNC(ours) 82.4 Res-101

FATLL VOC2007 train /E A2k 4E, UL Faster RCNN iy
baseline, £ VOC2007 test | #F 47 %F b sZ 86, 45 SR an % 3
LigZR

#£ 3 7E VOC2007 b rys:s:

Table 3 Experiments on the VOC2007 dataset

Method mAP/ % Backbone

Faster RCNN 69.9 VGG-16

Faster RCNN 72.1 Res-50

NEFPNC(ours) 76.3 Res-50

Faster RCNN 74.4 Res-101

Faster RCNN 74.4 Res2Net-50

Faster RONN 720 Res50-101%

NFPNC(ours) 76.4 ResNet-101
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Fig. 6 Comparison of visual test results
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