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Detection method of electrical cabinet parts based on SlimYOLO

Feng Chenguang Wei Wei Chen Deng Zhang Yanduo Liu Wei Li Juan

(Hubei Provincial Key Laboratory of Intelligent Robot, Wuhan Institute of Technology, Wuhan 430205, China)

Abstract: The detection of electrical cabinet parts is an important part of the production of electrical cabinets. Machine
vision is used to automatically identify the type and installation location of parts in the electrical cabinet, and to detect
the assembly defects of the electrical cabinet in time. However, the existing object detection in-depth learning model
has low timeliness, which makes it difficult to meet the online detection requirements of electrical cabinet parts. In this
paper, the YOLOv4 object detection model is pruned and optimized, and a lightweight object detection model
SlimYOLO is proposed. SimYOLO improves the feature extraction network structure, compresses the redundant
feature layer, and improves the detection speed of the model. At the same time, the Kmeans+ + clustering algorithm
is used to cluster anchor box parameters, which improves the detection effect of the model for electrical cabinet parts.
Based on the self-built data set of electrical cabinet parts, an experimental study was carried out. The average detection
accuracy of SlimYOLO is 98. 08% , which is 0. 58 % higher than YOIL.Ov4, the model volume is reduced by 9. 8%, the
parameter is reduced by about 7 million, and the detection speed is increased by 10% , which lays a foundation for the
fast and intelligent detection of electrical cabinet parts in the actual industrial scene.

Keywords: assembly defect detection;electrical cabinet;visual-based defect detection;object detection; YOLOv4

51

il

AT — T Z B K

FASFH B 1T

G AR g 5 T A 2 T o B R AT RN & B A B T IR I

P AR R — PR DL T R )T R T ALK
R O R T SR B I B AR DRI
LR E LB S 10k (I = Sl N S R S |
ML AR 7R A B B R IE W s AT E TR B AL e fe E
FERREOR . RS R M R AR R R
oy BB TR o B A7 A W 2R BT SR LA

W H 31 . 2022-03-22
» HAEWE FRH AP FH4 (62171328,62102292) 35 H ¥ )

« 120 -

b A 2 WL A 03 1Y — 0 L 55, B
TG RGBT R ME T RE %I I E" .
0 R T R B B AR . R
TR A A B R B R DA R A I 1) A B P
B L A A R AR A DG TR A A M T
127 VR R A I PR B T DS EEAR AR R T B s AT R



BE K AT SimYOLO #9354 4 R4 0 7 %

17T

PRI, SR, bR R T AL G AR AL 38 44 5 A T T AR =
B B R ME LATE SCRR IR Tk 37 5 F KR B B K
R gl ERETFERESFAITERERBBEERES Tl
TR B AT A S IR A 22 5 s R T AR DU JE A 1 T B B
SR TR B30 IR AR P B R R M Ak, AR 3
T2 19 B AR Ry 3k DL a i vk i (L B e & 2L 3R
R RS T B RT3 B BT SSDH
YOLO™ il Centernet™ & — R 3 { 75 (88 84 g il , A% Ak 4
U T T Inception-SSD HY R ARAG I )y vk . ikl
i — R W R 8 R 244 BB R AiE £ 5238 T A 4% o /N
W EAR. SRT . HK M LR AR AE 32 IS 4 5 B0R 2 i = 08
SRR B = 00 BAF B, BT X /N B Ax 09K gE
J1. WER U LT o YOLOVS #5855 i & i
B, HFE YOLOvS!" ByEA b6 T 3 T M4 Darknet-
53U MR 1R 4% ) 4 A 4R HRRE 7, o 3 T T 1 A A T A
BEIRENT 93%. SR, N T B H AR KRS B X H AR
AR AL B R SR IR E R R R R AR R B
e T S BB 2 ) B R L A 1 R 4 AR
M Ze BT, fldn. YOLOvV3 K/hHR 235 MB, B 7 000
T AT S FER I 43 BEAR Ky 416 X 416 1 BRI 75 B 4
33 30 BYTE S s B (FLOPs) . Mitk, A B9 B bp ke g i
2 S BERIE DUAE BE IR A PR A i A K Tolk e 4% b b AT 3828
JC R R SE I A s Tk PR R R

AR SCEE R E ARSI R A 22 S A R Tl B oz Aer ) 157 R
FAEAE (4 R S0 J2 TR AR 9T, B 7 YOLOvA!™ J 7 46 10 4 708 3k
FIRE AR AL , Bt 7 38 P 45 O A 2 A AG 0 1 A B e Y
SlimYOLO, SlimYOLO % HE BT AR T % YOLOv4
AT T G4k, B BR YOLOv4 3 %8 B9 SPP (space pyramid
pooD U B, ¥ 3 T M 4 i % J5 — i 5 PAN (path

aggregation network) " ¥ 48 , KW FE 47 1 BRI S Sk 4R
FETBRAI M HERI B, O T AR 20 [ IR A 5 00 T R
TE B ARG I0KS B, R B K-means+ 235 B @ H 44
FERMBAREIAT T RESW LT T anchor HES H bR
EESE, 260 SinYOLO #8 E i 5T SR st T &
Ze i, [R) I T o 42 0 4 AR M HEAT T anchor #EG AL ZEAR
WS BE AT 25 5 % HEAT Y948 AL Ak . 7T A S50 3l B An sl
WREE 23 R L bR Tk T AR

ET B EMENERETHEEEEITRT LR,
LEL B4R BT R 3RS 98, 08 %6 T H A IIRS B L M S
F YOLOv4 # #1 97.50% My °F- M & W B F. 7+ H
SlimYOLO BEEAR R /N 900 BB T T 10%, AL
B Tl 37 55 4 4R 8440 19 PR AR AL AN BE 2 T SR .

1 #HHEEHRNAE

1.1 RkiEZE

WA 1R, T EE Tl 3 5 R A A0S A
Bl 3+ YOLOvA 482 1 T3 8 4% B AR A U8 B 2 3 g
SlimYOLO, SlimYOLO 3R 2 R8Tk 5 AR X 704 (19 44
FEHEAT TR AL TREBISE 4, AR TR AL B 24 8 A0
SH WAL BT A B E AR AR R R EEE R
K-means+ + B L AT R 2487, XA anchor #E & # it
AT 2 A ARG D SR ARG . R R 24 20 SR g R
KRV HEAT I 6, LB & VOC_2007 F W Z KB E T
W26 S BB B A B R AR I B B R A S R R
23 FE A INGR Y SimYOLO B2 78 & 2% B #0408 B 1
HEAT S50 AT AR o 7 2 PR A0 00K 35 19 ] Il 20 A6 A i 4%
R T TR () 1l B R, R Tl b T s o A 0 1 Pk
T SEAE W PR AL T B

Anchor BB LR

BT A A D0 A HE 2R

- 121 -



545 % woF o

¥ #H K

1.2 EHAFHENER

& 2 ffR,SlimYOLO BL YOLOv4 H bR s &l
Hal A ET M4 CSPDarknet53, B 45 1F 4 F 35 (FPN)
AR B A 45 (PAND H) 1A 250355 DA AR g 3k 30 19 4 28
T 9 6%

D FE T W% CSPDarknet53 12 B B4 45 1T I & tht 3 4
FOBAR YR8 W 4 3 38 B B 4 4R 2 CO(19 X 19X 1 024)
C1(38X 38X 512)FI C2(76X76X256);

2)FPN 5 CSPDarknet53 ##,C0 B % it £ 7% 4% B b
S, B SPP R, HEL A FO 2, F0 $AiE R 47 1R

FEEERS C1 21788 B R F1(38X38),F1 #f47 I
FHBAEE S C2 BHETE I F2(76 X76);

3)PAN £ FPN B H T 1o LB &2 G5 X iEm T —4
A EmTFHEAREZE P2l F2 2RERGE4E,P2 KR
¥ 5 F1 7RG L ok PO, TR MR RS 5 FO /G R 15 2
Po.

) i J5 Head #f 43 1 33 S 410 B 48 U, 4¢ ik )2
HO(19X19) ,H1(38X38) \H2(76 X 76) 4> %ty PO, P1,P2
285 2506 FUR 3 — Ak Ab B AR B, ST AR [ R 1 2 4
FAEA R

B2 SlimYOLO W% HE 4

SimYOLO % 155 50 80 3 25 #9 #1577 K i 5 37 AL
YOLOv4 H, S ff g A B #5 R BEAR & — 19 [al 8, 5% F 28
(] & FH M AL S (SPPY #EATHFIE 4R B . SPP Bk Xt 3= T
2% CSPDarknet53 9 CO B2 (19X 19 X 1 024) 43 % 3 47
L#1.5%5.9% 9,13 % 13 (i KMk, b5 3 281
4AEAERE (19 X 19 X 512) Bf N 1 AN 4FEE (19 X 19 X
2048) e Ja it £ 4 CBL #0 (1 x 1 H8.BN 2,
LeakyRelu i pREUAE B0 BEAT 48 T B, 4 e 10 J2 58 18
HTHRE 512 5 A Fo B, SPP 8] R [H R~ 1 il
b )2 55 0 45 1 SRS T, 35 AR A 0 B R Ay B R A B —
MEAZERRR T 2RO ER., EEHEZERNTS
o R 1 RS 1 i D R O [ R B R O 6 R R
B A, AR RS B4 B R i R E A — B
. B, SImYOLO FEFEH 45 h 8 5 SPP M ¥ 3=
T M4 4 HARRIE 2 CO 4 A S B9 FPN B b 1t 45 40
G . B TR SPP B BT A& 1 24N WAL 2 AR 4R 1Y
BB, SimYOLO By AR A5 2 7 5 #0352 F
8 F7E B2 IR A B A A R & LTS .

1.3 Anchor {ES #1883
Bl 3 JB/x T £ T anchor box ) T HE A4z pl i3 2.

- 122 -

SlimYOLO ¥ ] anchor box #L#] , LA #§ anchor &5 7F
MK s A e, sc,) 4b4E B anchor HE (BZRAE) . A5 I 7E X &
AR FEFTAG I B 5 A2 B anchor HER IE & . RIER E & IT8E, %

THHHE r

EEEREENENRE Anchorﬁ A

B3 TR0 A= alid 72

A
Anchor &




BE K AT SimYOLO #9354 4 R4 0 7 %

17T

I anchor HE [n] T AE (SLERAE) W IE. ZR EL R EE
A3 RWITR Y O B DR 5 IF | 3 HE ) 4R BRSO BRI 5
HRMTARXTR,

D R B AL E -

b, =06(t,)+c, (D
b, =6(t,) tc, (2
o(x) =1/(0+e ™) (3
MIHE B 48 UK IE «

b, = pwel’” (4)
b, = pie (5

Hodr, e, 0,0, Mt RAEBIH A= A4S IE S e HH
R .

PR IE: ¢, Al ¢, AR anchor HE K .0,
K (3) JEFE T Sigmoid PR3, i i Sigmoid K%
FT5 anchor E H0y & 1a] BOMAE o0 s B IR RS i 0 (2,0 A
oty s A DRI 43 FN T ETAE B Pt A5 o, F1
by,

HAERAE R IE : p. F1 p, FF7N anchor HE A58 A1
RIEROFNE) , po. Fp, K18 5 501 48 750 R T HE 1) 52 A0
wL B b, R,

HF FRAXFAHRSEE 4 P Y anchor FEX] .0
BA FIHE B = MEAT AL IE S5 58 B anchor AE [ T 00 AE 19
L

FEBUAIE 1 anchor HE 2 4, RE W/ T I b 78 v 09 A
IF S SEBLHEAT RS B T R AR SR R R AR R R H
B RANHEAT FRAEA3HT . AR BLEE (9 anchor HE S,

AR K-means —+ + 8 3% X3 Yl 45 045 7 17 anchor
HER 2. K-means+ + BRI EBNT .

1 A4 1 48 2 8 Hos &2 v R B BUiE T B bR Y 5E
HIERWERBBELEMNRMALS D = (2,2, 2,1,
R A Sim YOLO Byl #53 & A 3 A Head 3R,
> Head T3 % 3 4~ anchor HE , Bl % & RAHH K 2 9;

WA PO, NEE D IR EF M 9 A
WHAREABARES U = (0,.0,,-+0,}, Bk,

(DMES D HPRIPLER &, FENWHEEP L O,

DOWHEEEDPEIMER T, SEWEAREFL
O, Z M BEIEE L(Z) = min{d*(0,, 2,0}, Hh.
d'(0,.%,) FRREAR 2, SRE L O, WF BRI &

O¥ L@ ) ERKIHAZ, mMEES UAENT
— AL

WEELE2) . HE2HEE UAREDLEE A,

DRIGXT AR BE TN EFNEAR 2, 4R e H
9 ML RYER B IPR KR 4> BB /DRI R K 0 BT
PO B

OX AR R — 5 KE, EHITESN LG

RS Ol o D o WR T A B

€ C;

B B0 5
SHEEXEDAMD , HERLEP LA L AL, &
1R H ) SimYOLO BT 9 4 anchor #E
VBG4 2] 9 MY anchor HE 2 ¥ 4% I 98 55 A
INEIRIEATHER - 40 B 4 Ei 25 SlimY OLO #9333y 3 e
AEE H1(76X76) \H2(38X38) \H3(19 X 19) , 3L B XF A~ [A]
EANECT TR CR Sl

2 =% L

2.1 LWHEE

BRI FRBIARZL A SCHEBOE h BRI Z
T (7 6 2 6L L 8 L B i 2 ) 2R AT HHIE 4R A L AR
BRI AT R 2 042 3K T236 R A B AR B0 % X Kot 4=
PEAT 38 5, e R AR BRI 4 R A RO RO A A
2 R B R N AR P A LS B . X AR
PEATRCE I 985 RO RCR I 4 TR

B4 i BIE R A

SRH Labelimg #044 % #5385 19 THLE BQHAT AT
FRiE. R S ERIAE TR R 6 2 2 L FIRI
SR INER AR B SR RN AR L T T 4 o 2 A A A Y
Pl e
2.2 EIHMERSHILE

TR —-FEFMREHLET RIEREN:
Ubuntu20. 041 TS, 4t #H 2§ %5 2 . Intel ® Core™ i7-8700
CPU@ 3. 20 GHz, & £ % 5 % . NVIDIA GeForce GTX-
1080TI11G, % i NVIDIA CUDALO. 0 hni T A4, 4+
R4 4 Pyhon3. 6.0, Pytorchl. 2.0, S I & #in 3% 1
FTR

SRR ] K-means+ + R 2K B 238 Anchor HEZS K,
B 5 BURAE Hy (45,100), (59,156), (71,75, (83,192),
(99,112),(129,181), (145,99),(184,218),(201,143),

- 123 -



Gl

=2

2

#OAR

o545 3% W T
1 XWSHIEE

34 JiE]

Bt = 16
AR 416X 416
26 3% 0. 000 01

AR 100

2.3 FEHIER

S8 96 BUSF- Y4 UE 7 & (mean average precision, mAP)
PER SHim Y OLO A= A I &5 B PE 4 #8458 . AP (average
precision) & Precision-Recall i 28 5 #% %l & Bl &) i £,
mAP B Sy A BRI A 20 AP TV E L TR
AF

TP

Precision = TP TP (6)
TP

Recall = m (7

AP = > max__ P(R)Ar(k) (8

mAP = iZLAPi €))
n i=

A TP 378 IEFEAS B A B TR O 1E AR AS I B0/ 5 TN 3%
AN SRR A B R T O B AR B B TP SRR IEFE R A
LT T Sy 174 A B $ i s FIN 38R fRE A 88 1 350 0 %
AR RER N 2R BEEYNEMAEG P R
— &% JXF W 1Y B K Precision {E; Ar(k) 3R 200 B0\
k— 1 ZZAEE] k W, 4 [T Recall {HAR LR 2MH 7 RN
il 78 A 9 2 ) %

2.4 EEIZ

SCE LT Pytorch fE 22347 SimYOLO #1751 45
BRI SR A% 2 S SR E AT U 5, 32T M 45 00 iR A 8 5T
TE VOC_2007 % & b #E4T B 254815 . 38 i 2% F |
GRE )R I B R A BB E LT —
Y, Ak SimYOLO R £ 5

B 5 BT SlimYOLO # A 253 72 ob 45 25 25 4k
AR N U KB R N Loss fH.,
5 Al &5t 100 #ik R GRS Loss {H AT T [, A Y
SRS BUE

35r

]
T

$a 248 Loss
T
B

R S
i et s s o

1 I 1 L 1 L 1 1 L 1 1
0 10 20 30 40 50 60 70 80 90 100

AR B/ Epoch
SlimYOLO #8125 51 72 Loss

& 5

2.5 IRBUENAEEITLL S

g B AR SO T M SR I ZR S B9 SLim YOLO A7
HIN 8 Y s AR A R 4R R AT
B, % TOU [ E H 0.85, 3 5 YOLOv4, SSD,
CenterNet # 17 %] H » £5 & P74l SlimYOLO 8 A 7 ¥ 6l 46
FHRMAT 5P vkee. 2 2 4 0RBR T &
Tl 4 1 A RS B

R2 ERHBETHERUNERI L

- o kG B
SlimYOLO/ % YOLOv4/ % SSD/ % CenterNet/ %
R 100. 00 99. 67 97. 06 91.01
W % 2% 95. 77 95. 99 85. 48 83.91
4k 7% 98. 32 99. 28 97. 63 90. 69
b 4 98. 32 95. 14 95. 43 87.02
S RS BE (mAP) 98. 08 97. 50 93. 90 88. 16

M 2 @ LLE S, SimYOLO X 7 A #2471 i) AP
WEEHTE 90% A B, BN 100%, SimYOLO () mAP
24 98.08% .5 YOLOv4.,SSD #il CenterNet #H I, 43 %Il #2
BT 0.58%.4. 18%#19.92%,

LR ZE R R, SimYOLO B AR R F Y & R B [E 45 1
A ) (R AL H U 7E Anchor HESHUE AL E IR IIER R,
M T AR AR PR35 T 45 1o R R RS JE
2.6 REEIEEEEX SR

REE SimYOLO ST 7E B I AR R, A%
SCHI P A AL (IMX686) 43 I SR 4 T 60 s 480 P, 720 P,

- 124 -

1 080 P A4 il 4 Z 4 B B , 43 51 % A SlimYOLO #1
YOLOv4 3t 47 90451 #5038 58 w3 R 5 47 %5 b 40 A, 37 AG
SimYOLO B #EFRRR, 45 5 Wik 3 Fin.

%3 SlimYOLOEEEEZERILL
WHEBEE/ s

A SimYOLO YOLOv4
720X 480 29 27
1 080X 720 23 21
19201 080 15 14




BE K AT SimYOLO #9354 4 R4 0 7 %

17T

M2 3 AT LG H L SimYOLO 78 3847 5055 A6 I 4 4 28
HEEW W ALT YOLOv4, KA xf 73 $F 4y 1 080X 720 B
ARHEAT RS I B, SimYOLO B8 (1 i 2 4% YOLOv4 27t
T10%,

2.7 EF SImYOLO WEHHEEHEERBERUKA
L

VR R AT B R B M 2 R B e
WL BB E R R E AT LB OCR ., WA 6 i, A3
FH SlimYOLO Bk A sl 2 B A EHA DT HETF
e e AR W Y SR BN A= E X i
Y BN A 4 R 1 2 T IR 1 R e A T, AN o
JR I AT 3 BORG BE FARCRE R

A

Pl 6 A A SR

RSz aE R I, SlimYOLO #8447 3F T # 0k5
JE ARG TR R UE A T AR R, R AR T HEBL TN B B
B, UGE TEREARMLG BTG LEE.

3 & it

3 1 48 A e o e 0 R R T 0 ER AL R A
REMERNAEZEARN SRR A XRBT -MHET
SlimYOLO Wy #Ehl#8 F4miE%k. RAERE X H
oA T AR B HE AT O Ak, R R IR A T A0SR 1 R A b R B
R TIZ A, W, R ] K-means + + 2858 0 HUE A
ABY B AR R ST AT 20 AT 3R BUE X ¥ 48 F A B R
anchor HEZ4(, I F H AR KRBT B 1 Y 2k SR . A SCH%
SlimYOLO 5 YOLOv4 1 45 58 # 47 %) Lk, SlimYOLO #£
0 S R AN A B AR T B R A, R SR T
Tl s B 5. AR SC R R A B A B9 OR w AR Ak AR B
B EEMEE EEEMRPHEZEHRA
ShuffleNet"™ . MobileNet™ GhostNet-*"? £ 42 & 2% ¥ 2% {&
Jg SlimYOLO $RIH) £ T, i — SR A BRI W RHOR .

&% ik
(1] sk¥EsE, £, TIE. ETHRES I B EMR BAra

[2]

[3]

[4]

[5]

[6]

L7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

FERE L)), Ak I R, 2020, 39(8):
34-39.

HH, WEW, WE. BT LA R E A
el RG] R AR 5 1L 848, 2020(8):57-
60,76.

BEY, KRR, OE0%, 5. TSI R OT-40
KWEEMRN R L] CRER S5 EEE.
2021(5):117-121.

Bk, eBEhE. B EAE, % TR YOLOv4 Bk
MRS SEAL] AatlURS asifbm T8 AR,
2021(10):28-32,37,DOI.10. 13462/j. cnki, mmtamt,
2021.10. 007,

AR, A, XIHHE. £ T Mask R-CNN 52 4] 43
FIMPLRE AR T ERLT] AT la Rk,
2021, 44(22).32-36.

WHike, ¢, AMRIE. sk SSD 5 vk 75 3 14 1l
i B AR ELT ] TR TR S AR . 2021, 57(T):
257-262.

LIU W, ANGUELOV D, ERHAN D, et al. SSD.
detector [ C .
Conference on Computer Vision.
2016, 21-37.
REDMON ],
stronger [ C .

Single shot multibox European

Springer, Cham,
FARHADI A. YOLO9000: Better,
the ITEEE

and Pattern

faster, Proceedings of

Computer  Vision
Recognition, 2017, 7263-7271.
DUAN K, BAI S, XIE L, et al. Centernet: Keypoint

triplets for object detection[ C]. Proceedings of the

Conference on

IEEE/CVF International Conference on Computer
Vision, 2019: 6569-6578.

Ak, #hEE, HHIE. BT Inception-SSD Bk F
BRG], SR8 TR, 2020, 28(8):1799-1809.
E X RGEE B . FREERPET YOLO v3 1
Tolk ZF AR B F kR [T]. bl F. #ot, 2020,
31(10):1054-1061.

BOCHKOVSKIY A, WANG C Y, LIAO HY M.
Yolov4: Optimal
detection [ J .
2004, 10934,
REDMON J, FARHADI A. Yolov3: An incremental
ArXiv Preprint, 2018, ArXiv:

accuracy of object

2020, AI'XiV:

speed and

ArXiv  Preprint,

improvement [ ] ].
1804. 02767.
ROABE, R, BheX, % WM EREEL YOLOV,
AFarFaxsEmlll]l. AarillaE5as%H.
2021, 35(10) :17-23.

WANG CY, LIAO H, WU Y H, et al. CSPNet: A
new backbone that can Enhance Learning Capability of
CNN[LC]. 2020 TEEE/CVF Conference on Computer

« 125 -



%45 % L A T - S
Vision and  Pattern  Recognition = Workshops 1IEEE, 2018.
(CVPRW), IEEE, 2020. [21] LYUM, WANG W, WANG H, et al. Deep-learning-
[16] HE K, ZHANG X, REN S, et al. Spatial Pyramid based ghost imaging [ J]. Scientific reports, 2017,
Pooling in Deep Convolutional Networks for Visual 7(1): 1-6.
Recognition [ J ]. IEEE Transactions on Pattern EEZ@/N
Analysis & Machine Intelligence, 2014, 37 (9); BEM.W LA, FEHT T N R B AR AT
1904-1916. 5 AR S
[17] LIU S, QI L, QIN H, et al. Path Aggregation E-mail: 781800634@qq. com
Network for Instance Segmentation[J]. 2018 IEEE/ B BT, EEME A R AL A R A Bk
CVF Conference on Computer Vision and Pattern E-mail: 18933757@qq. com
Recognition(CVPR) , 2018,8759-8768. BE KT GBS 1E %) W B3R £ BB 5 77 14 Tl Bl
(18] xI#3g, TAkSE, BT, %5 ETHERMZRME K n NEaeAl . 2 R IRBER AL HT
EL S R T SR BB R [T AR R F R E-mail: dchen@ wit. edu. cn
2021, 42(12) :211-219. WES. WL AR WL AW, TR WO
[19] ZHANG X, ZHOU X, LIN M, et al. ShuffleNet; An ]2 (fefk) HLEE A RS 42 B4 . 2058 A HiEss
Extremely Efficient Convolutional Neural Network for E-mail: zhangyanduo@ hotmail. com
Mobile Devices [ C ]. Proceedings of the IEEE XEE BT A S0, EERSE T AN A
Conference on Computer Vision and Pattern T2 RS H B OB B %7 m W atse .
Recognition, 2018; 6848-6856. E-mail: liuwei@ wit. edu. cn
[20] SANDLER M. HOWARD A, ZHU M, et al. SR U, R S A
MobileNetV2: Inverted Residuals and Linear B HSITE RS T A R AL S e AT &

Bottlenecks [ CJ]. 2018 TEEE/CVFE Conference on
Computer Vision and Pattern Recognition (CVPR),

126 -

—REHREER.
E-mail: juanli2018@ wit. edu. cn



