20e3% | B
428 F | H

DOI:10. 19652/j. cnki. femt. 2204450

g 9 D&

MARTIEFENMBEEEIENNEEEFFRUEE"

kO OHEFHE R A
(BZIRAFEFEREFKR BEL 710048)

M B EWAANRE RS E A AR KRGS DL S T SR R . IORG B M B 0 A R D 0 32 PR, B
PR T — PR A AR I R . B RS AR AR AR BRI 4% VGG16 H1 MobileNetV3_Large B4, i /b T S 48 fit 5 &,
FERE N T % v A R A B ERRE 7 5 LUK R TR AIE 4 S 1 SRR R X ] AL R A T % A AR A R TR RUBE (9 R AE BRI & 4
) B AR AT 5 Joc J5 72 RRAE SR IBUZ T A = R0H 38 T8 8 7 T AR o A R e AF 8 1 ) M i — b iR SRR . 5 SSD A L,
T Hh B RLAE KITTT ACHE 4 #1 BDD 100 K £ 58 143 B4 7 290K5 B 3205 T 7. 50 %0 # 3. 50 %6, 3 B S B K I g ) G ok
40 fps) , 75K WG B A 8 B 5 THT A5 57 4 1 45, D6 B T O i A ot .

SRR BRI s SSD; MobileNet V3 5 FEAE 4 538 5 142 28 1 AL

mESHES: TP391 SCERARIAED : A ERFAEZERSERE: 510.4

Lightweight vehicle detection network fusing feature pyramid and
channel attention

Zhang Qi Chen Mengdie Zhao Jie

(School of Electronics and Information, Xi'an Polytechnic University, Xi'an 710048, China)

Abstract: Vehicle detection is an important supporting technology for the realization of intelligent transportation,
autonomous driving, etc. Poor accuracy or low inference vehicle detectors are limited in application, therefore this paper
proposes a fast and accurate vehicle detector. First, the front-end feature extraction network VGGI16 is replaced by
MobileNetV3_Large, which reduces the number of parameters and computation, and increases the ability to extract
high-dimensional features. Next, the feature pyramid idea is used to construct a weighted bi-directional fusion network to
obtain multi-dimensional vehicle features; In the end, introducing efficient channel attention in the feature extraction
layer to re-calibrate the importance of different feature channels and further improve the model performance. Compared
with SSD, our proposed model improves mAP by 7. 50% and 3. 50% on KITTI dataset and BDD 100 K dataset, and with
real-time inference (more than 40 fps), it reports a better trade-off in terms of detection accuracy and speed, illustrating
the effectiveness of our method.
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A5 B (mean average precision, mAP) % VGG16-SSD M 4%
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BOMG, SR EN RN, SEEmREATREET
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VGG16-SSD 80. 4 218.8 57.9
MobileNetV1-SSD 79.8 28.2 69. 1
MobileNetV2-SSD 81.5 31.8 66.9
MobileNetV3_lLarge-SSD 81.9 25.0 78.3
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FPN H AT )2 21 2 1Y 5 16] 5 1E 75 R B2 52 71 [
PANet $A7 X0 FRAE AL A A5 BEAR LE T FPN i — 20825t
HALBI AT %40 2 %0 FCFPN 38 i 4 3% 42 17 45 1iF il
BT RSN S H R E R BA S B B R MR T NAS
FPN S #iH G M4 C 2 R BOWFRRIE B, S 8058 foD b
JEW A R T AH NG [E] 34 4 BIFPN 5 PANet 28403
SR WL AT Rl G 25 44, 4 BR— 58 B A (] R B8 AR
5 BHEAT B AL 2 A 4 5 5 W 45 v USRS B2 L )
B S HCR /N R SCHR ¥ CBIFPN Sl i 57 44 25 90 504
ARG T AR R G2 0 EE , mAP A TR
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W 44 mAP/ % SRR/ MB
FPN 83.0 18.1
PANet 85. 2 21.8
FCFPN 83.8 27.4
NAS FPN 84. 4 12.5
BiFPN 86. 3 15.7
CBiFPN 86.7 17.7
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SR T AR E 6 A RURRE , [ I 55 JC AR AE Y
SN, 72 R RRIE SR U2 5 51 A S A0 38 3 8 7 ECA-Net,
T gt ) PR 3 S A5 L AT SR W L AR A5 2 R AE T R T 06
RMEERERAE., L MobileNetV3_Large-SSD+CBiF-
PN [ 45 S Al X 4%, 76 M R A S5 38 45 14 F &5 SENet™,
H A & AR (convolutional block attention module,
CBAMY™ ,ECA(F3h e Ht » {H) &3 I A 347 1
. B 3 FTLLE L BOR  5E W BB & (B RS X & T
Fhk e Hk=3.5.7,9 . 8L T ECA H il N 2L H £
E A RO . 78 A 45 Bl 2 B B T B, ECA $2
F+T 1 2% RFRUR B, H ECA SRS KR, W
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I8 5 7 )2 45 R AR BB I 1 0 SCHRAE L (H 2 B T feature map
BRI/ A U E B Z KR T B AR BRI
T A ) AN Rl v 2 RRAE 5 R R RRAE , 40T AR AE 1Y £ L
RS E) 0 L 15 MCE-SSD 5 T /& B FH 51 5 B 85 /)
Hir: ¥ KB WA RGO B e, SEEED
ECA 151 AN 45 1 8 18 A E EH 37 AR 2 b 6 BERFAiF 42 0
R BALE , I A B SR A RRAE (B b, 58 0% 4% 38 18 A
TER) B i, YRS A B 82. 2%, Mmh & Fr A A
B AR ARSI o A R R E AR T T 7.5 %0, R A B
TlBr A % L [R) 412 F ZE A RRAE 19 2% 2T, B 5 3k G At S TR
WA FEF M kA,

R4 ARSI M & H R0

MobileNetV3-Large CBiIFPN ECA  mAP/%
80. 4
J 81.9
N 85. 3
< 82. 2
N J 86. 5
N NG 83. 4
N N 86. 8
NG N NG 87.9
5) 5 HoAth J7 1: B X He

W 5 i, £ KITTI #4E 4 L5t R-CNN, Fast R-
CNN, Faster R-CNN,DAVE, SSD300, SSD512. SINet L
R ASCHE W 9 MCE-SSD 32 i A7 WEAG Fn tb 8, M3 5
AT LLE Y, A S8 i MCE-SSD 2 : 4815 7 87. 9% 1Y
mAP, I BEH#E R KT 72 fps. B8 T HMF L.

R-CNN, Fast R-CNN, Faster R-CNN 4r 5l 3k 15 T
60.9%.62.7% . 76.9% BY mAP, 4> 5l bt MCE-SSD 1Kk
27.0%.25. 2% 5 11. 0% . ik 3 Ff ik v kG ) 5ok 5 A P
B Faster R-CNNL{H 12. 8 fps 1A A& FH T X sE bt A
R BRI A 3R R T OSUS BOAS: DU B B T X
WP 2% £ B BOAE 1Y 45 BB B B 18 . DAVE D
79. 1% mAP ## T ik 3 A, E AR T A ST
MCE-SSD & #:, % T SSD300 8, # F A F] 57. 9 Ips.,
KRG B e MCE-SSD R 7. 5% 5 SSD512 44 Tk il 558 B
26. 8 fps. K iMIKE B AR T SSD300, A8 3¢ 28 3 43 H1 IA h J2
SSD512 M &% % KITTT % 4% 48 45 1 RUEE fn 58 L 47
TR, R4 2, SR S5 R A, SINet
BT VGG W45 $2 BURFAE , XoF 45 Fh 8 22 39 19 78 55000 1
RS B L3115 84. 2% B9 mAP, H MCE-SSD 1I% 3. 7% , [&] i}
HE IR 31. 3 fps, SEEL T IHF ARG
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RS5 TRAEFEMNHEBE KITTIHBENRNE R

. o AP/ %
Tk AR5 W /Mps ar Van Tram Truck mAP/%

R-CNN 0.6 62.9 68. 4 58.2 54.4 60. 9
Fast R-CNN VGG-16 0.6 64. 8 57.9 65.3 62.8 62.7
FasterR-CNN VGG-16 12.8 77.2 72.2 78.8 79.5 76.9
DAVE 3.9 83.6 71.4 80. 3 81.3 79.1
SSD300 VGG-16 57.9 84. 8 80. 2 78. 1 78.3 80. 4
SSD512 VGG-16 26. 8 76.1 81.1 76.0 74.4 76.9
SINet VGG 31.3 88. 6 83.8 84.0 80.5 84. 2
MCE-SSD MobileNetV3-Large 72.3 88.1 87.6 87.5 88. 4 87.9

T AT b R LA Y PR B — 2D T AL T AN TR x6 AREEFRNZEEZE BDDI00K HiE LMK LR

PAE KITTUMNALE ke 25 5L, in (&l 4 ron, AT LA
Z, Faster-RCNN H B4 21 2 8 2250 H b o £ 250 R 48
2%, SSD X /N RAF B4R 4 G . SINet — & 2 B I
B T /I BRI AR X S Y e A Y
%, MCE-SSD A % fifttk T b i ) B30, A LA 531 3 2 4 e
HARFF AT M AR I . 36 3E T A SCHR H Y MCE-SSD
P B

(b) SSD-300 (c) SINet (d) MCE-SSD

(a) Faster-RCNN

& 4 OR[E 5 AE KITTT 50842 56 %t L

3.3 E-T BDDI100K #(#7 5 1918 A& B B ARl

BDD100K %4 557 B 1 v Al K% AT 52802 & 1
e T 6 FhE BRI .6 B RAFREE LA K 3 A i A B
WY B o B — > KR L N 25 2 R M 1 0 IF 28 3 B i
. ZEIRENE B B BIEAOS 10 TERE N, W
Bike, Bus, Car, Motor,Person,Rider, Traffic light,Traf-
fic sign, Train and Truck +Fh B #5 28 5 Fr 25 505 . #% IR
7+ 20 L BB 43 S I RS R SR GG IE4E

A SCHE Y MCE-SSD 58 ¥k BUAR A2 fff ke 52 I &2 7% 3R
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