H64 %6 H2 M HLIHEAR Vol. 64,No. 2
2024 4F 2 H Telecommunication Engineering February,2024

DOI';10. 20079/j. issn. 1001-893x. 220901003

d

il 5 DL AL RN 2 B RF ARG /Iy H b 574
REMW 3 &M, XRE

(TEBHT K2 15 BB 5 TRR2A0E , I FH 110870)

.4+t SSD(Single Shot MultiBox Detector) B AR - ik x40y B ARA& W] 48 /) 7R 269 9] 44, 42 i
— A I ANA A 2 % RE 38 X A3 8 %449 VFF-SSD( Vision Feature Fusion SSD) & #t ik, A 7T
¥ KRB M0 B T S ARSI AL 1, B SR A SSD X B AR AR B P m AAL G ALH] | SRS A R Rt
PANet ( Path Aggregation Network ) % RZ 4 4EGR &P 45 55 IR EAFAE3E 5% W 2813 2| 3T 09 45 A2 B | B 38
TR % T 0035 SUAS B S AR R B R AR R R AE R GA B A L UG B R B ) MU B R B A E B 4S8
HFI RN, FWLEREW, £ PASCAL VOC2007 MK FE 450 &9 mAP ( Mean Average Precision ) {HLiA
2] 81. 1% , ML ¥ B AT mAP HAER SSDRZ T 6.6%
REEIR B ARAR] RS ] AR $ RGBS & 12 % A AL

REIE AR A
T3 3R iE E RS
J. SEEEEXR
o ZANEZERE
RESKS TP 41 TEAREE:A  SCTEHE1001-893X(2024) 02-0200-07

MRS (FERRS ) FRIRAS (0SID) ; B3

A Small Object Detection Algorithm Fusing Vision
Mechanism and Multi-scale Features

WU Debin, LIU Xiaonan,LIU Zhenyu, YANG Na

(School of Information Science and Engineering,Shenyang University of Technology , Shenyang 110870, China)

Abstract ; For the problem that the Single Shot Multibox Detector (SSD) object detection algorithm has
insufficient ability to detect small targets,an improved Vision Feature Fusion SSD( VFF-SSD) algorithm is
proposed in which visual mechanism and multi-scale semantic information fusion are adopted. In order to
increase the receptive field of the shallow network and improve the feature extraction ability, a visual
mechanism is added to the SSD shallow feature layer. Then, new feature layers is obtained by using the
improved path aggregation network ( PANet) multi-scale feature fusion network and the deep feature
enhancement network ,to enhance the semantic information of the shallow network and enhance the feature
expression ability of the deep features. Finally, the attention mechanism module is applied to improve the
learning ability of important information. The experimental results show that the mean average precision
(mAP) value detected in the PASCAL VOC2007 test set reaches 81.1% ,and the mAP value for small
targets in the data set is 6. 6% higher than that of the original SSD.

Key words:; small object detection; deep learning; vision mechanism; multi-scale semantic information;
attention mechanism
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Fig. 2 VFF-SSD algorithm network structure
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Fig. 6 Schematic diagram of CBAM attention mechanism structure
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Fig. 8 Schematic diagram of spatial attention structure
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Tab. 2 Comparison between this method and other
methods on the PASCAL VOC2007 test set(I0U=0.5)

Irik HFML AR /pixel mAP/%

Faster RCNN' VGG16 1 000x600 73.2
Faster RCNNP¥) ResNet-101 1 000x600 76. 4
sspt VGG16 300x300 77.2
YOLOv1™! GoogleNet 448x448 63.4
YOLOv2! Darknet-19 352%352 73.7
Dsspt”? ResNet-101 321x321 78.6
RSSD'® VGG16 300x300 78.5
SCHR9] VGG16 300x300 78.0
k[ 10] VGG16 300%300 78.0
VFF-SSD VGG16 300x300 81.1
3.3.2 /BRI RE T

T 25 BRSSO % /N H Ak D A
AE , SEI il AR R P AR A5 Py, X SR 25 R ik AT
AR, SR 3 45T 1P B BE B AR A I B 7k
Faster RCNN | 1 32 F X 4% 7 (9 SSD B ik 347 H
B EEE NG 3 Win, 3R 3 AT LRI, ASCHE
B VFF-SSD B3k Xt/ B bR 0y K I K B A #)
17.2% 3t T H AR A4 T )5 i SSD Sk A
T R 6. 6% I T AR SCRl it /N E
Bk A7 BH 8 A e 35, AR VFF-SSD 57k X i 2 4
TEHEAT R FHE SR S BRI R A — e i, 5
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Tab. 3 Algorithm performance comparison

ER7S BT M P/ %
VGG16 8.4
Faster RCNN
ResNet-101 10.7
VGG16 10.6
SSD
ResNet-50 9.5
VFF-SSD VGG16 17.2
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Tab. 4 Single-category accuracy comparison

KR/ %
Fipk Faster . .
poxy | SSD DssD SCHk[9] SCHR[10] VFF-SSD

®HL 76.5 77.7 81.9 80.5 79.5 85.17
HiT4 79.0 84.0 84.9 850 854 89.4
5 70.9 76.3 80.5 76.6 77.9  79.0
W 65.5 71.3 68.4 68.1 70.4 2.4
¥ 521 48.6 53.9 522 50.1  55.9
AL 83.1 85.3 85.6 85.4 853 88.6
/NGIE 84.7 86.3 86.2 86.3 86.1 89.0
Yi 86.4 87.3 88.9 86.2 8.4 90.5
Ki¥  52.0 57.3 61.1 61.2 60.4 64.3
4 81.9 81.8 83.5 83.5 80.9 90.6
BRSO 657 77.9 78.7 75.9 79.1 79.5
b} 84.8 85.2 86.7 848 858 91.3
k= 84.6 87.0 88.7 87.3 87.8 91.3
FE¥E4  77.5 83.7 86.7 86.2 855 818
A 76.7 79.2 79.7 79.1 79.4 81.8
1Y 38.8 53.0 51.7 53.5 53.6 54.8
* 73.6 76.3 78.0 79.0 78.1 77.6
Wk 73.9 79.8 80.9 81.4 79.7 82.6
K% 53,0 88.3 87.2 87.2 87.1 90.1
BAM 72.6  76.2 79.4 78.4 78.1  80.7
Wi 73.2 77.2 78.6 78.0 78.0 8l.1
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Fig. 10 Qualitative result analysis
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