5 43 55 7 W BT 5 fF B % ik Vol. 43No. 7
20214E7H Journal of Electronics & Information Technology Jul. 2021

ZREEXEEMEEFEN

I 2 3 THL
CIHBIRFEEIALFR M 341000)

& OF EEXE AT H AR I EE S /N B RR B A E AR AR ZE (K 1) 8, 1% SCTE Rl 2 A RFAE R SR 2 RFE R
AERE ST BRI B3R B T IR B ARFAER RN %5 (SEFN), H 8 RHERIUMN 2% VGG 1691 Convd _3Z M Convs _3/2HRHT
PVRRAE HEAT RS T R R AL A R s SRR R R AL A A IE N BN B 2 RBEE SUE Bl B, BalAEF
B BN SE B A E B TE SURE, R TR SCRFAE AN FE AL Bl G R AE G i R B R B BRI R 1 iR
fE: 5 TR Z B E AT — RYIB BRI Z AN F R EERRAE,  FERA SR 4 STk, R AERR
EINHI R SE DR A AR Z5 R . ZEPASCAL VOC2007F1MS COCO2014% 48 4 L #EAT IR, BEAL 9 SF 3504% B
BME S BIN81.2%F133.7%, AHXS T2 ML Sl 2 SR DN 28 (SSD) Bidk, 7 AR & T 2.7%M4.9%: Bb4b, 1ZS0T7ik
TERTIN/N HARFI B AR HAndg i b, RS FE AN G Il 28 W83 T . SRie 245 MR U VAR FRHIE & 5 454
R T IR ERHMERE B B, FER FRHE R A SR TR E 45 R T, AR T AR N B bR
FEE A H AR R ACR o

KR HAMEN; FHEETE; FHERVE; BIEERS; B SIS

FESHES: TNIL1.73; TP391.4 XERFRIRES: A TEHS: 1009-5896(2021)07-2087-09
DOI: 10.11999/JEIT200147
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Abstract: Current object detection algorithms have poor detection results on small targets and dense targets.
To address this challenge, a Shallow Enhanced Feature Network (SEFN) is proposed in this paper, which is
based on the fusion of multiple features and enhanced shallow feature characterization capabilities. Firstly, the
features extracted from the Conv4_ 3 layer and Convb_ 3 layer are combined to form basic fusion features.
Then the basic fusion features are inputted into a small multi-scale semantic information fusion module to
obtain semantic features of rich contextual information and spatial detail information. The semantic features
are fused into the basics features by the feature reuse module to obtain shallow enhanced features. Finally, a
series of convolutions are performed based on the shallow enhanced features to obtain multiple features with
different scales. Multiple detection branches are then constructed based on the features of different scales. The
non-maximum suppression algorithm is used to achieve the final detection. The average accuracy of the
proposed model is 81.2% and 33.7% on the PASCAL VOC2007 and MS COCO2014 datasets respectively,
which is 2.7% and 4.9% higher than the classic Single Shot multibox Detector (SSD) algorithm. In addition, on
detecting small targets in dense target scenes, the detection accuracy and recall rate of the proposed method are
significantly improved. The experimental results show that the feature pyramid structure can enhance the
semantic information of shallow features, and the feature reuse module can effectively retain shallow detail
information for detection, so the proposed method can get better detection performance on small targets and

dense targets.
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i, R RRIOREEARAG R, Lin%s NUSEH T 5k
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PR RS DN RE AR FE AR . Dy 7 SE 4 M figf e X A )
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T—AEE TR A, JRE R s .
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fith 1=, 5 SSD R LA 1 i iF 7L DSSD M, Al
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TRERT RS FE, (R B M RE SR KR T K
I ResNet101PILAY, 5 350K I 285 6 KM BE - e o
FSSD /R K 32 BF B ) 4% (Receptive Field
Block Network, RFB-Net)%H ik #ESSD %A%
Tl EREAT BSGE, DR B2 4 e R DK 2 A I ER R T
SN RN TE 2 o FSSD RO JE Hh 3 AN R R
REAEREAT (a7 B B D Rl B A U R AL, JRAESEME
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BN, BINME—EEE LI T EE MR
AR, (HREH & B REREER, #
HU R R B = R 138 S R, S8R E 2%
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(1) H ARSI R . A S DTk 32 EAR LA DL R LA
J7 T :

(1) Wit T 2 REEE S B Rl A B0 JL il fil
BRI HEAT T S IG5

(2) Wit 7RISR A, Gl SRR TR
T AR A R AE HEA T A

(3) $RH IR MR IR B /EPASCAL VOC2007"
Bl BT SSD5125 48 H 12.7%, EMS
COCO2014 454 FAHXT T SSD51 25 4 i
4.9%. FEH TR E R SREFIE N 254G R g T 4%
BERUGE /N ROBE H AR A1 5 H AR BRI RCR, 7EMS
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SRR 2 B 5 AE () B AR AR R, SRR 2
FREE 58 M 2% (Shallow Enhanced Feature Network,
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Rl R VR B RHE AT 2 RS SUE B RS AEE
FEERIH, AT SRR Z 3 R e, FF7E dh LAt b
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BRI AL SRR, JF BARYEIE SCRMIE AT I8 I8 1
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BEFEMEELR, BERTHZTRER,
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BRI, DU — P InmiE SURHIE, 45 &4
Jise T SR NS SCRMIEREAT 4 5 ~F 25t Ak 45
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3.1 SKIHIEE
N T BAEASCOIRERA RN, (£ AR A%

trH FFPASCAL VOC20078FIMS COC020145)
e LT T2, PASCAL VOC2007%%
P S 20 H WA, 25015k IZRE Fr. 25109k
IR B 149525K M Ao MS COCO2014 %4
L5 T80T, 827835k IIZRE Fry 405045K 5
UE ] fn8 14345k MR B B, Eda 4 b i B AR K
kE BRI R, BIREBREERLR, BAERE
F/N AR, PP Al bR v S s, ER A A
A HEREHA I E A7 BE
3.2 XLWRE

AR R T Pytorch1.0HE2E, Pythonhit
AR3.7, SEEUNREH B ZNVIDIA Tesla P100-
PCIE-16 GB GPU, VGG16H T M %% )AL & {EIma-
geNet AT T Tl k. RABEHLESE T R (SGD) A
BRI ERFE R s R A R, HEh &R E N
0.9, I N0.0005, HILHE>]Z40.001. FHAE
G R E B B N300 3000, YIZRPASCAL VOCHL
eI % B 5 DGPUKbatch size 32, YIIZMS
COCOHIREEN % B B GPUMbatch size N16,
e NG R % B oA512x 5121018 T, I
PASCAL VOCH AR X B ANGPURbatch
sizeN16, YNZEMS COCOHHRAER ¥ B 5 MGPUbatch
size N8, WTPSACAL VOCHUESE, & & & Ail
Zrepoch N2501%, FEUIZREI150KF120018HS, 7351
W2 51 R N R R /105 4 FMS COCO%RE
B B ) Kl Zepoch H1604%, 7EIIZ:5]904C AN
1204R0F, 23 DK 2% 21 2500 N E R 111 /10,

KA T 2 2 I ORI AL 2R i R e
P, (7). E VIR SR I S P8 /N 1) 2
S]#1 x e7%, Fd F 6 epoch Ik 2 =1 A5 18 1 [1]
WA E 22 313 . 3 (7) H Niger 278 R 2535EAK
W%, — A batch size N—2, 1 rate yMEY]UR
(2% 2%, 110.001, epoch _sizek /R —fepoch i £
/b Abatch size, BIIZREE R AT A B A H0E B LA
batch sizel] KN,
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AN EGEL T AR S I VR 2 AR IR 1 o R 2
SEFN 5 7 S 45 B 1 5 R 28 0 25 1) B A A il 5592
IVERE, JEIL T ASCHE B 1) H An il i 45 455 8 7 /)N
H AR 4L B ARAS I 77 TH 1) R4 PR B
3.3.1 PASCAL VOC2007#iE5E L a9 M1 REXTEE

T2 T I AR AT B H ARSI 5 5 AR S
JNEAEPASCAL VOC2007 %4 £ _F 1) S 06 45 5 %t
b, X yEE R A FHPASCAL VOC2007 41
PASCAL VOC201 2% #54E i Il SR S A S ik B4
NN EHE, RPN EmAP (%), IOU=
0.5” FRHIRAE X 3 IEFREAH) X 3832 I L (Intersection
Over Union, IOU) B{E & HAE0.5 /¥ HEAl I, Al
A IRELI 5 F RS BE P E, B3k
fH (mean Average Precision, mAP). “faill i fE
fps” NI R AT A5 R 5D B0 A HR IV I Froke g, L
MG AT O, 17 H A5 I8 A TR AL AR AT B
FHR . R EERERR S AT RN BRI R .

MF IR LE BT LA H, AR HSEFN
7%, FEM AN R EEN300x 3000, 3RK45 T

79.6% IR IIKEFE, 78 M 2580 N R 512 x 5120,
SRAF T 81 2% WA MRS B, REAE 7E CRAIE S B A I
FE B E I, B ASES R 2R . A SCSEFN300
J7iE 5420 B B bR I SV ER-FCNI2ELAS T
A2 BOASIURE B, AR T2 4L 9 SSD300 A LI &y
72.4%, H5HTSSDHEIEM ST (WDSSD3211,
RSSD300M) FSSD300) A tk, 4r5lEm T 1%,
1.1%, 0.8% . 17 HAH X — B BEamAT (46 I 55 9%
YOLOv1M, YOLOv2!'™!, fERKEE LA 8K
T, HAHR TR AR R iF M RFB300!T
HE, BHK0.9% . A SCHISEFNS51277 14 BG4
REAT B & TR 1 2B B B AR SR, M T
M EISSDS 12U AR & T 2.7%, B FRSSD512119)
kFSSD512195r 514 0.4%, 0.3%MWIFEF, AL T5vk
T DSSD5 124 B {0.3%, M TRFB5127K
1%, PADSSDUSRH T e K ResNet101°/E JkE
FEFREU N 4%, HAE512x 51250 NN E R AEg HE B F
FAERE S SR IS R R EERFAEBEAT AT I, AR AEAS I
W RO, RFBY EEDN @ ok AR 0t
LR R ERHE AT B2 B 1G58, A R0 7K.
W RS H AR ARSI RE /7, AR SCVETE /N H ARl
AR H bR ARSI B A B B A (W E 5 AT R)

1 fEPASCAL VOC200T MR EAR T A S H M 7 5RR4E R T

J7id: H R N E GPU fps(hi/s) mAP(%),J0U=0.5
Faster RCNN['I VGG16 1000x 600 Tian X 7.0 73.2
Faster RCNN! ResNet-101 1000x600 K40 2.4 76.4

HyperNet!'” VGG16 1000x 600 Tian X 5.0 76.3
OHEM™ VGG16 1000x600 Tian X 7.0 74.6
IONM VGG16 1000 %600 Tian X 1.3 76.5
R-FCNI2 ResNet-101 1000x600 K40 5.8 79.5
YOLOv1!M GoogleNet 448 %448 Tian X 45.0 63.4
YOLOv2!" Darknet-19 352x 352 Tian X 81.0 73.7
SSD300! VGG16 300x300 Tian X 46.0 77.2
DSSD3211 ResNet-101 321x321 Tian X 9.5 78.6
RSSD300! VGG16 300x300 Tian X 35.0 78.5
FSSD3000 VGG16 300x300 1080Ti 65.8 78.8
RFB300" VGG16 300x300 1080Ti 83.0 80.5
A LSEFN300 VGG16 300x300 Tesla P100 55.0 79.6
YOLOv2[* Darknet-19 544 x544 Tian X 40.0 78.6
SSD5120 VGG16 512x512 Tian X 19.0 78.5
DSSD513 ResNet-101 513x513 Tian X 5.5 81.5
RSSD5121% VGG16 512x512 Tian X 16.6 80.8
FSSD5120 VGG16 512x512 1080Ti 35.7 80.9
RFB51207 VGG16 512x512 1080Ti 38.0 82.2
A LSEFN512 VGG16 512x512 Tesla P100 30.0 81.2
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3.3.2 RN T 7EE MM SR X3 EE

W sFT R ATk 5SSDME . REBL
FEAEPASCAL VOC2007 %4 £ _F 1 1B Fr A6l 2%
RxFb . MBS gt R LLE i, SSDE X
/NH BRI AL BARIAS I ROR B 2, &% R ™ &
(/NI RAS AR A () 15 0 . REBARVE EBARTEAL I
¥ s T ARSI T, BN BARRIZ 4L B AR
REBAFE R R R, BTN/ B R, HIEHLE

HARII 57242 T BAR K MR, A SCR A 2 ]
FEIE U5 BIsR i ZAF L 72, s Rt inse
Xt/ B BR A4 H AR BRI MR, RR A R AR AR 4
REINRPE 5L (W1512x512).
3.3.3 MS COCO##ES £ AN BEXTEL

N T B ARBUA SCT7 VA /S BAR R 4 B b
K7 H R, EMS COCO$HE£E ffminival2014
MRAREE_E AT 7 A7 75 HoAh SCHR 7 1 SE 3 &5

(d) SSD512

(e) RFB512

(f) SEFN512

Kl 5 RIFESFVEEPASCAL VOC200744 4 L A il 25 5
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BT, wmE2fR, H “IOU=0.5: 0.95” &I~
2 BEE 10 M TOUBIME (0.5~0.95, LL0.05 KN
£, XEEATOU BIAE R BUH V% 1 ¥ 208 B I ME,
TN AT TOU RIE X 97 T 240K P A48 RSP 34 . 3R
H“SML” rldRon/ANEbR, REER, KHPBR.
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