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Multi-Scale Receptive Field Feature Fusion Algorithm based on MobileNet
Huang Yukai, Wang Qingwang , Shen Tao"~, Zhu Yan, Song Jian

Faculty of Information Engineering and Automation, Kunming University of Science and Technology,
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Abstract To address the problem of low target detection accuracy in lightweight networks, a lightweight target detection
network MobileNet-RFB-ECA based on MobileNet is proposed. To consider the multi-scale characteristics of the target,
this study proposes a feature pyramid network structure based on the lightweight extended receptive field block (RFB),
which enhances the adaptability of the network to the multi-scale characteristics of the target. Moreover, owing to the
large computation caused by the complex attention module, an efficient channel attention (ECA) module is added to the
backbone feature extraction network to improve the performance of the convolutional neural network. Experiments reveal
that compared with conventional MobileNet, the proposed method improves the detection accuracy by 4.2 percentage
points and 15. 4 percentage points on the PASCAL VOC and KITTI datasets, respectively. In addition, the model sizes
of the proposed method are 50. 3 and 48.5 MB for the aforementioned datasets, respectively, and the average detection
speed achieved is 34 frame/s.

Key words image processing; object detection; lightweight neural network; multi-scale feature fusion; MobileNet; RFB-

Net; efficient channel attention module
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Table 1 Comparison of performance of different algorithms in VOC

Algorithm Backbone Train data Test data Input size mAP /% FPS Size /MB
Faster-RCNN VGG-16 VOC07+12 VOCO07 600X 600 76.3 6 522.9
MobileNet MobileNet VOC07+12 VOCO07 300X 300 71.9 48 33.8
SSD VGG-16 VOC07+12 VOCO07 300X 300 77.1 30 100. 4
YOLOv3 Darknet-53 VOC07+12 VOCO07 416X 416 78.4 22 237.2
YOLOv3-Tiny Darknet-19 VOCO07+12 VOCO07 416X 416 57.3 61 23.2
Proposed algorithm MobileNet VOC07+12 VOCO07 300X 300 76.1 34 50.3

F2 AP B AR AN R 3k R 4

Table 2 Test results of different algorithms for various target
categories
Algorithm person car bottle plant chair mAP /%

MobileNet 73.1 81.0 34.4 45.3 49.3 71.9
SSD 78.1 86.4 41.0 48.7 56.5 77.1
YOLOv3 78.5 82.2 64.1 52.2 61.3 78.4
YOLOv3-tiny 69.1 74.7 25.0 26.9 33.4 57.3
5

Proposed algorithm  79.5 87.0 47.0 50.9 54.4  76.1
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Table 3 Comparison of performance of different algorithms in

KITTI

Algorithm Backbone Input size mAP/ Size /

% MB
MobileNet MobileNet 300X300 58.1 49  30.5
SSD VGG-16 300300 74.8 30  98.3
YOLOvV3 Darknet53 416X416 75.4 22 234.8
YOLOv3-Tiny  Darknetl9 416X416 47.8 61 20.1
Proposed algorithm MobileNet 300X300 73.5 34  48.5
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Table 4 Analysis of ablation test results

FPN RFB s-RFB ECA mAP/% FPS Size /MB
71.9 48 33.5
N 74.2 42 39.8
N NG 76.0 33 58.3
N NG 75.9 34 49.8
N/ N/ NG 76.1 34 50. 3

SCy g W], 5] A FPN J5 ofE B BE 4 TR Ak,
mAP K F] 74. 2% 425 T 2. 34 40 AL B RN
39.8 MB,{U 34 i 6. 3 MB, 15 B Jil A FPN Ji5 455 5 X} /)N
HAstiA 78 m4E . A FPN-RFBEH 5,
mAP } 76.0%, #2857 1.8 4 AL B R /N
58.3 MB, ¥ /11 18. 5 MB, i i il A RFB B 5 , ™ 78
JEK 37 T A5 L B % R v A I A B2 (ELABE AR R /N A X 3
m—2 o A &I 0 i RFB BE 85, mAP 4
75.9% , tb EASSEEGAR 0. 14 1 4 5, H A KN Ry
49.8 MB, FE{X T 8.5 MB, Uit B =5 [8] 0] 43 &5 & FL g 0%
R REB B8 1) 2 B0ht , BEARAL AL R /0N, H e
RIEMO. LA E /3wl ,FE T Z Y B N . ECA XS INA

0410024-6



£ 605 F4H/2023 F2 A/HAESBFFHE

BRF AR TR S mAPHEE T 0. 24 | 40 A,
BEAY /NG 0. 5 MB, Ut B ECA 7¢ 4 F 43 25 1 4ff
FAAE B ROR S IR RS A R ORI AE
3.6 EESHER

kT B B T AR A A ARG 6 S 1 9 FnIE] 10
AT AL T 78 PASCAL VOC %4 4 f KIT T4
£ FRIEREE . R 9 AR 10 AT LA HY , MobileNet
1 /N B BRFBEGEE RS AR A RS IR 22 i T AR
il 0% T g 1t A 00 1) 3 P4 A B AN H A o

€ 9(a) 45 2 %1, MobileNet 3% A K I )5 i #% 5=

=

@ 5

R SELUPNG I8 N OE ol S DT R | AN A
32 WP R BRI ECA TE T J7 AL, 2% 52 B 4 B sl i 5% 41
N BE 9 75 2, S5 1 ] Ja] Bl A 1 AR A 2 0 3
R HUR AT LA 55 A SRS AR £ 8 R ) 0 280 ik
ISV NI RYIE oAl VN §: S ERDNEIIE i RN SR
[<1 10 AT LAF t , MobileNet 7R ¥l A6l H 178 25 1 /) R
ST T BT BBk R A A I B B 2 /N RS H AR .
BIV e 5 Bk R RLAG I SE 2 6 /N B AR WK, iR R
MobileNet %f /v H 5 A I 25 22 19 178, A 25082 v H
o S 000 ) 9 T RE

B9 PASCAL VOC ¥u#afE nl AL 45 H . (a) MobileNet 4 25 5 5 (b) B £ 5432k 4 I 425 2
Fig. 9 Visualized results of PASCAL VOC dataset. (a) Detection result of MobileNet; (b) detection result of proposed algorithm
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