CHREE I B o X @ K F F R Vol.55 No. 7
20214 7 A JOURNAL OF XI” AN JIAOTONG UNIVERSITY Jul. 2021

H M3 BiRRA N EEN M B RE

?@%*Ha EEHH%? 7%%*‘@7 Ellb\limv ﬁgﬁ@
(W% Tolk K2 B TR %BE, 710021, P§4)

WE: A EARHERNEBEARBRR ZAZTH EARD THTRARGHEANXTF & LETHEIK,
mILA BT Lk E AN E SRR E SRR HE T — LT Ghost #3459 YOLO H
AR FHE GS-YOLO, vA YOLOv4 A 4 & ah, & T Ghost A3k M B AR R A M &, & VA
L EBABREHLZ R BARRANE R BIBRAN S ANTE L F LA I A A B AT IR A A
BB THBRESE T EHRTRLH . E—FRADERRRE T E ;0 A RARRBITTHE
AR, SREREAA. Ea T HEGNREFMBRGMNKIEET. 5 YOLOV4 41, GS-
YOLO ¥ YOLOv4 3R KAELE 96% i LW A Fm Y 91. 2% . Faml ik ERI 2.945, %5
AR I R 4 A B 87. 63 %0 HE EAIR % 2. 43%,

XA BARRA ;B2 FAEA ;Ghost B3k ;i@ 8 3T H ;R & F kAL
RESEES, TP391.9 XEkkRERG: A

DOI: 10.7652/xjtuxb202107014 XEHE . 0253-987X(2021)07-0124-08

OSID ELﬂ

Lightweight Network Model for Moving Object Recognition
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Abstract: The convolutional neural network model with large volume and computation amount
cannot be run by the embedded platform with small volume and limited resources, and the
existing lightweight models are unable to juggle detection speed and accuracy. An object
recognition algorithm of YOLO based on Ghost module (GS-YOLQO) was proposed in this study.
Following YOLOv4 model, the object recognition network was reconstructed based on Ghost
module to reduce model parameters and convolution operations and improve object recognition
rate. Multiple spatial pyramid pooling modules were incorporated to optimize the identification
model and improve the accuracy of model identification. The channel pruning limit compression
method was adopted to eliminate the redundant parameters and further reduce the model volume
and calculation. The accuracy of pruning model was improved by fine tuning technique.
Experimental data show that for the self-built test set and the same test environment, compared
with YOLOv4 object recognition algorithm, GS-YOLO algorithm reduces the volume of YOLOv4
model by 96%, reduces the amount of floating point calculation by 91.2%, and increases the
prediction speed by 2.9 times. After compression, the model recognition accuracy achieves
87.63% , and the accuracy loss is only 2. 43%.

Keywords: object recognition; lightweight model; Ghost module; channel pruning; spatial

pyramid pooling

Wk H# . 2021-03-08,  FEHMIA: FFHEM(1996—), B A4 EMGAGER . B, 4%, HE&TH. EEXARB¥
K4 U BT H (62031021) 5 74 22 T ABFH 1121 % Bh I B (2020KTRC0037) 5 P4 22 Tolk K2F ke K I 41 8 & W B (XGPY200217),
[P0 £ HH BB T] . 2021-04-08 W 4% HY B AE : http: // kns. enki. net/kems/detail/61. 1069, T. 20210407, 1727, 004. html



8T

AR o 45 ¢ T 1 B2 B H bR U B 4 a0 19 25 S Y 125

H AR 350 9 3 20T 58 9 45 02 DOt o 8 b s
R0 Hb A R B SRR B AR . R
2 2] SR R AL AR ) AN AR e ) ZE AR KRR B 1w il
TR IEE O RS W) AT AR S5 R A5 R 1 5
M, 2 AL A% G 0 N T 3 Bt B RE Ak
Te AL RE Ve 48 R BCIR o e Ak  FE S PR A 16 o
ARG R 22 564k P a T A RS
FFZ . B AR PR B BRARD i E AT e ik
P57 KR 5 o 34 L T IR 2% 0 0 B A A T 4R
AR R ATRER TN Rl RN N N - i
B3 T SC bR AR O R . B, K250 B
B AGH I 39 75 22 GPU 1) Jin s 52 F5 A B8 7 B[] Py
DI 25 8 LR JBE 2 20 1% o 35 3] S s ARG T 1 s 2R

B 5 T E S AILRE 1 K ST ) & R L S HLIG B g ¢
TR AS B KA T, 3 F U B 2% 2 1 B AR R 5005 &
Jed BB A . 2017 4, Howard %42t T 32 i 9
H T M4 MobileNets, 5] AV BE 1] 43 5 4 FUBL B,
WD T K EMERZE ST ABEREY ARG
SR> R BURFIE B 1R 2 LBIRS BE B IK . 2019
iF,Lee 55T VoVNetV2 B T M T —Fi iz
A6 B 0 A S H AR RS2 B 83 7% CenterMask-
Lite™" X5 W 4 SEA 700 Ak o 7 fige 30 38 15 825 2Kk )
W, 7 COCO B 420 | ¥ (4 - ¥ K5 BF (mAP) ik
B 40. 7% BT EEKML T RTX 2080Ti W K& S
R, AR, Google AW Tan SF42 T W 4 & 1Y
H A7 H SR8 EfficientDet , 5 T 9 25 X 4% 2 fig 48 %
FEARE T Z R MRS DUE A [6]SF /1 (B AF
FE /N AR RUORS B 5 R A2 L R AR ASE 8 1] 2 A o 1
W], 2020 4F, Han %5 £& th T 37 19 5 & 16 W 2%
GhostNet, FIl 4 M A8 10 A 5B 2 )RR AE &L, LLAR
AN A DB R R A R 4% 1 S 2 AR IR AR B FEROR
DA B iy 2R B T A B B e AR 5L TR
4F, Bochkovskiy %I 4 3 i 09 1 Ak £ 75 T & 4%
(4 T 28 3R P 1 YOLOv4 , W] DLAE 30 58 R 1 4T
PR ORG HE G I 25 5 A S — AN 52 R PR s Y H bR
R Bt (R A B A e R AR AR £, A R fR BUAR
Ko B 1R T BErERAEEE COCO HdEkE
I o R R L, RS AT AR R
Nvidia RTX 2080Ti & -~ . ¥ 8 X 35 3% 7 A ) 3 i
T 25 WU/ s, AT LU Y AR M SRk T TR] A R
o 00 S5 T R A R R ) oK

BT A 1 B T A TR TG S BTG Y S8 R R ARG
TUPAE B B4 I 8L, A S 3k B H A 3 3 A9 B AR U Bk
YOLOv4 #7458 i i 4k, 38 1 il A\ 241> 28 8] 4

http: // zkxb. xjtu. edu. cn

50
ElZo4:) SR
“““““ I
45 : |
A\A\AI |
x40 |
< | I
:ud |
£ 35 | ERgE |
= | R R :
# 30l —a—voLOV4 : I
O YOLOv4-MobileNet | |
725+ —¥— EfficientDet | :
—+— CenterMask-Lite e =
20

0 10 20 30 40 50 60 70 80 90
90058 B/ (oi-s ™)
1 o JE i B bR AG I vk M g
Fig. 1 Performance of some mainstream target detection

algorithms

Bt Ak (SPP) K6 B fle A0 45 3 1 g L O LA e i Al
Ghost 5 BURE S 45 5 38 18 59 B 1 BRI 47 19 05 1, %)
I AT o R0 T 47 55 P AR ARG B s AR R
BRI AR R M 3 5 3 T IR PR
A ix A& L.

1 YOLOv4 HHRiH &

YOLOv4™ H b 15U 55 3 e 1 4G 0 280 %
HERR R L 2 — b ST E & 200 — B B B AR R 50 5k
YOLOv4 BiE7EEA 1) YOLO fE4R 2 1, XFREAE 42
B 0 45 L T RRAE A 0 2005 ) 2% DL R iE AT 43
S5 A T30 Sk AT T Ak B BT AR R IR
JEE A RPN 22 I 4 TR O 75 (R B RBE Y . B T I 28 A
YOLOv3 JFA4 1 Darknet53 Efili 2 I, 45638 LHy
BEH A 7% B2 (CSP)Y ™ 3T i CSPDarknet53 $F1iF 42
T £ I 060 B T DO 4 AR U/ T B 2 B Y [ R
UE TP 28 (R PR R0CR 5 30038 0 4 T I A 1Y AR AIE 4 5
UYL LA BAERA MG EE, 5 A
SPPU), SPP 5% 5 45 &3 K T I 4% 11 Ik 32 BF . 8% SRy
AR 5 4 R FRAE HEAT R L B2 T T A T 5 1 g
R A 1Y %45 7 XA B T RHAEAE B A R 1) b
i A A T IR )2 M 45 5 O TR 2 FRAE A5 B )
R 5 T Sk 65 Ky 8 A7 A8 Ak Xt 8 2% B R B A B KA
il 572 (NMS) 47 T4k . R H CIOU-Loss i 2k
PREL. 2765 B B A HE T & AR (RD 32 I e ToUD (i
O RS K T LU 0 25 TVUH K A 0000 HE fr [ 0 3
ERERE YR B . AR AR i 55 12 2Rk HIDIOU-
NMS, 254 % BB A AAHER TOU M. A
AR T HES BRI, YOLOv4 8%
FEZRWE 2 s, B . CBL #1 CBM £ He J& 75 %
FUZ (Conv) Ji5 filt AL AL B IH — 1k (BND W 2 4E DL K




126 LI |

(con |- [com | o | i e Lo I :

2 YOLOv4 B iLHEZR
Fig. 2 YOLOv4 algorithm structure

K H Leaky relu. Mish 3% pR 200 46 BB ; PR 42
ERAE R XA [ RS 0 e AF 1 i A7 R A 8 T Y P
2 s FRAE AR n 2 7 b BT A TR RO A R AE B 3 A7
AR

2 “’FH Ghost &) YOLO H#n
Ho Bk

R 4R YOLOvA SRR AR SCHE T — Fl R
I Ghost #iHefy YOLO HbriR 515 % GS-YOLO,
BT Ghost fHH #4 H Ar L I8 FLR Al A
Z A3 ] G R A B AR OR TR RUBE b 3 AT R AIE
TR s SR 5 SR FH 3 A B A R 46 A kR
6 USRS 5 5 S5 R R AR B4 O ik DK A2 LIRS BB L A
7 3R AT RS B ARRUN G2 1T R 1 R Ak H AR IR
B AL
GS-YOLO Bk Bk m K 3 s, |k,
ST B AR R R 45 AR G-YOLO, 2k Ghost
B BB B 58 B B AE L DA AT B A 4R 1 e O A AR
Ghost $F1E &, 76 AR~ UE 8 T8 508 28 1 15 30T 820 )
2 SRONNF 1 5E B 4 R A AR B 4R T AR
. FERLHI Rl A Z A SPP 6 He , 78 AN R 19 R 4
AN TR IR Az B ROSE 1 R AE {5 B HEAT Rl =F & RRAE 1A
5 R DT A 2 T R T A A ﬁ%E»%hE G-

http: // zkxb. xjtu. edu. cn

YOLO BRI EE N7 . AR5 FI 3 T8 BY A% B BR JE 45
HEMNERICRSEL BB EER GSYOLO B,
B3 18 A g Ak 4y 2R bR AR R G-YOLO £
B Tl B A X B F A AR E A EE . I
i AR BT R 2B/ RUOEE I 7 A Al E W G L 9D
W 28 AL R Y i B i B IR I SR  HG. B
Jei s XoF B RS 3E AT R, E PR SIE A I B R 1Y [ A
PETHASTRY 45 S E AR TR A A RS E

E_\—‘ﬁmﬁﬁ ] AN
Rl [ BRG] SRR
G-YOLO i

GS-YOLO ([« HEERIFAl | ﬁﬁ‘g%&

3 GSYOLO &k
Fig. 3 GS-YOLO algorithm flow chart

2.1 ET Ghost ERRREHIRH M 2%

Han 2 % 8L FRAE (9 TC A% I 4 BBl 22 19 2%
Ty 7 3 P45 s A B 28 LI PRt 2 1 Ghost 42
AL BRI FEHEAT 8 BRI BT I A
XER e, M ¢ N AR EIEE A Fw KA
Kot B R AN 5L s 5 A% J‘GR“X’X S R AR
BRSE on O 5 B RO . 38 A o o ALY A% 3
SRR PN




P S 46 < T 1) B Bl H AR U AR 4 e A 1 2 127

Y=Xxf+b (D
X« BB 0 HWMETY R Rk
WA A 5w’ i AR R 5. bR e 1)
FRAVEh P S RE R n X B X XXk Xk, %
R da frs , Hoh 40 & 25 K ALY IO 4 48
fiE . 7E Ghost e, SR FH T B M (19 2 1 #5456 A
TOARFRAE B 2E B W0 K B BLZ 5. Ghost
Bt SR A v 2 AU B o 23 3 A AS PR AE Y
Y ERV  m AR PR R m<n., KT,
T YR GR] B 00 2 VE AR AR AR B KR A
i = ¢, (Ve Vi=1.200m, Vj= 1.2,
(2)
Xy Y R ARIEAEER 6, W IR
P T AR § A KIRARAE v, B0 ) B —
N E ALy Voo 2 = s B AR B AR
FHIEAR 172840 I 4b PR . 2 153 5] ms A
FRIEE Y ="{311syi2s v ) YE R Ghost 5 FIEL B
(% s ms = n, (R TIF B 2R AF Pl GE BN AE L B
IFEAET R0 s 1 AAARBEREE SRS
oy R R A B 5 e PR A
53 R B B B RSE Ry d X d L SCE e n 3 b 3
R %

m(s—1)=

nh'w’ ckk _
ns "h'w/ckk -+ (s — Dns 'h'w'dd
ckk _ sc ~ s
s ckk +(s—Ds'dd s+c—1
FrdXd 5k Xk M, H s<c, WS B
IR ESR s, A YOLOvA BRI, A
SO R T A B AR G BB Ghost B FUBLH ,
//ﬁ //

/

 —
R

R =

3

BAFRAT A o i e A

() bR ifie 4 7R

#H R 4 4iE

/

T AR AL

(b)Ghost &1
Bl 4 trfEBYE Ghost HH

Fig. 4 Standard convolution and Ghost convolution

2.2 YOLOv4 #EIfi 4k
T B R R BT L Rl R R AR AT S A2 )R

http: // zkxb. xjtu. edu. cn

HRAE, YOLOv3 f# % SPPNet M43 #5] A T SPP
R, DIAR 2> i F 38 AR 2R A5 T i i 1 ) o
B, SPP A 5 Fia, B A1 s m FEE,

I FEAE
wxXwxh

il H AT
wXwX (hX4)

Kl 5 SPP itk
Fig. 5 SPP module

i A WRRAE B 38 5 3 AN AN [R) RUBE B N A A e K
WAL AR AE | P38 S DR 2R AE R A5 B 0 R AE B AT PF
o IRt AR AE T SRR AR 8 T B8 B A CRRAE [
WIEEY 4 5. BRI RS R

S = \_WJ+1 4

Khp=G—D/2; L JFRmm FHE., mT2K s
ol HEAT T FRAE R p M EERAE, X (AT
SHVRRAE 4t RSE R &2 s

T b A A VE T DAAT %5 Hh R B R AE L SPP AR B
FERT [ 2 N AZ RS 1 de Kb Ak A R T I3z
Y 3 o N R RO 0 A% AR B T 4 R R AE R R R AR
fE JF#EAT TARERL G B E 7 RREAS B AT £ T
TRIPERE .

RICLEA % BRI A S B K SPP 5 i) 52 i
L o 7E S0 ) 46 A v il A Z2 > SPP i, % F
S R YOLOvA 4 A4S Py R ~F L B 13 X
13.9X9.5X5, Mok K SPP BB 5 — U2 1
BRER ST 3X3BEECh 1X 1, B S 8 i
SPP it 5| A B4 6 i n. 51 A £~ SPP
HG i YOLOvA i Fx >l YOLOv4-3SPP,

2.3 HEGEEBRWLI%

0 B A T N I T 3 Y T A
A Liv S PRSI R M B R IR I T R T E
T B A A I 246 98 By 0 A R I Ak DI T LA
Bf 30 3 B A $5 4E IX 4y H G T 5 e i
P 7 23 A I 2R R B R 5 AN B2
AN E— NI F oy, LUy B4 XSHEAE R 0F
Wiz 8 L K . 2 B AR U 2 s RO
Ty W20 A ) O 53T, 38 28 152 2 3 {8 BY D) 413k 2




128 [ |

PN

555

HRE
BREKXPHHIX

' v !

B Kb BARHA B Kbk
FEHM FENM HEHM1
Tw/31X[w/31 Tw/21X [w/21 Tw/1TX Tw/l
[ [ I

HBRE
BREZKANARIXL
HBWE
BRI KD AIX3

YOLOv4# #ll 3k

K6 SPP LRG| AL E

Fig. 6 The location where SPP modules are introduced

RERT
4

BiNERE

BiTERE

BiMERE

P73 R I B B AR

Fig. 7 Channel sparse training and pruning

T T S o A T AL RN
£ YOLOvA Hfv, B 150 Sk 25 44 5k, 3 — A4~ 5
JZIE¥4 BN 2. 25 vi Ml v Fn BN 2 #4i A Rl
By b U BN ) B 46y
_ Yin — M
Yo = ¥ erﬁ (5
K Ml /LU B ACRRAE B 9 Y (E Ay 2258
B e AN B R4y B 0. FE I ZRET i
i Ly IE DIy 47 B A I 5k, R Ak )1 25 1 4

L=L+a,f(P (6)
yer
KLy, 7 YOLO WK ¥ D> f () £
yer

Ly JE8GHA fO =175 ST, T 5

http: // zkxb. xjtu. edu. cn

AT
2.4 BRENREERSHA

52 WY B A i AL U k5 Ll 2. 3 ANV BT
(4 JUBE A1y 1 D D 2 i 1k A Bl . 7 S
— AR R ARy M Ry AN RO R i A B T
N7 () FRUBE PR 5 IR T » DU 23 3 Wl 25 Bk, 2
Ay B 25 80 V0 (I IE L W v A AR T 8000 v ik
P R A ) 206 245 i 20> 80 0 (¥ 3 3 » DA G 38 2 i 1y H
(o A IR LE 51 % R BT RT B 2 A7 451 A5 2R 4 RS A
S8 I G5 5 2R PRI B9 07 12 022 05 f 32 9 461 2k
L O 5 A 0 25 1 RE AT RE O T AR X 45

3 ST

3.1 KIGHE

SEES B B BE S Ubuntu 16. 04 #:/E R 4.
F A Pytorch F1 Darknet % 3 2% 3 fE 28 S2 3 GS-
YOLO H#niR 5 H %, k55 & 6 44 B & h Nvidia
GTX1060 i . Intel Core i7 Ab 32§ ; V£ BE TG IE ik A
R4 K A Nvidia Jetson TX2 B o H A .
3.2 ZWHEE

MR 52 B B FH A 75 5K AR SO BN ALK
BLAF HARIEAT ). PO AR 98 35 e A ik, B RTRA
OSTEEHR AR R SE HEAT ROl AR AR AR . BOE 4R
FUER 2R U8 T - %k Imagenet 40 4 L 5 1
COCO HHE4E . W 45 T2 T 2 52 90 58 U A 1 45

TS B e e B R R A T vk o A 1 B Hle
FEEAT O TR L B R FRA5 30 TO4 TR BUHRREAS A3 AL
A RALAYRE AR £ 20 429.9 877.3 9725k . IR
YOLO 53k fr s i =X iE AT N T 8008 A v » R R
ARUE 8 Fros.

8 R REA

Fig. 8 Some data samples

3.3 REEHMEAUIE

BT YOLOVA fit A £~ SPP #8455 YOLOv4-
3SPP BEAY . 7E M F Al [, 3T Ghost Bk 8 #y 15
F] YOLOv4-3SPP-Ghost (Bl G-YOLO) &1, JF
Ghost #iH F #) YOLOv4-Tiny 15 %] YOLOv4-Tiny-




57

AR o 45 ¢ T 1 B2 B H bR U B 4 a0 19 25 S Y 129

Ghost B, 2 1 £ X I S 46 ) {4 7% 5 80 55 34 H
PRI AR FIUIORS B LA B e GTX 1060 fil TX2 ¥ &
e B T B R EAT TN b AR SCHR T A S SR AR AR
K55 AR SR 608 X608 1%,

M1 O LUEW M F H, YOLOv4-3SPP 1 #1
A% SPP AR B £ i 3 i, HAH A T YOLOvA A5 5
7 RS2 B A TR R L S A A TR T b T
R4 BT R RSB B 3R v 1. 16 06, KL S B

B B 4 b B & Ak 19 Ghost B3 J5 . YOLOv4-
3SPP-Ghost 57 32 2 20 F YOLOvA #5701
48. 88 % . BRI AR R 45 &= 47.35% . 3 B 1E GTX
1060 1 TX2 b4 Bl & T+ 1.4 £5F0 1.6 £, FG B2 42
Tt 0.47% . M T 1% 51 YOLOv4-Tiny 4 #4,
YOLOv4-Tiny-Ghost f#0% 7 GTX 1060 F1 TX2
ARt 104 5106 £, B AE TX2 JF &k bk
BT 19 Mt/ s AOAG I B RS AL TR 1. 43%

%1 #&# YOLOv4 £ A 3t

Table 1 Performance comparison of improved YOLOv4 models

T 5 [/ ms

(it TP A R R T/ MB TR R/ Y
GTX 1060 TX2
YOLOv4 128. 46 245. 8 90. 06 95.15 555. 56
YOLOv4-3SPP 121. 26 227. 4 91.22 92.08 538. 50
YOLOv4-3SPP-Ghost 62.79 116.0 90.53 69. 79 346.02
YOLOv4-Tiny 6.79 22.4 72.40 19. 08 83. 26
YOLOv4-Tiny-Ghost 3.45 11.9 70.97 13.77 51.91
2 3R IR B R B A
%1 R AN ET YOLOV FF it 1) 0901 =
YOLOvA-3SPP-Ghost BUEMIE F A4 YOLOVE w0 gzgfmﬁ
BB B ROE A IR R . B ULE SR & orst —odoor
7 R i A AN DAL U () SPP B e T LA 4 7 Qﬁ-zgw e
R A 5 P2 o A6 760 i 90 0 28 25 . A5 W T3 - o
Tt R Ghost BBt 7 451 70 52 1 fb 2 48 5 0 055 ey
F PR R A5 A 2 4 I EL T I ] A % T
FEAR . (b) 5 45 i

3.4 BREBRALR

BB A B4 S I o X YOLOv4-3SPP-Ghost
HEAT R AL U 25 DI 2 ik 72 b (9 40 R D) e 28 3 T
TRV 2 5 0 S 487 BoRs B2 Qn il 9 s .

MK 9 o] LA H, & X YOLOv4-3SPP-Ghost
RS L KB4, 2 o =0. 000 1, 11 Z% 100 ¥, F
TP DA B LA R 4t 2 43 i) 3k B e A A A I
I A SCH AR I 2R 356 B = 0. 000 1,

2 ¢ =0.000 10}, 100 W Fi i £k I 25 4 52 72

s-

4
?é 3 a
o ——0.00001
®,1 ——0.0001
="1A 0.001

1 = = —0.01

L 1 1 1 J
0 20 40 60 80 100
VIE:%:

() Yl ot 2

http: // zkxb

. xjtu. edu. cn

9 ORI 3 200 DI R0 2k 5 2481 250K A Al i 2
Fig. 9 Variation curves of training loss and mAP with

different penalty terms

Kl 10 fros . Al LA L A [R] 3l 09 RORE IR 5= 2 1) 0
FEIT AT AT R AT T AR Y

10 Hi g A Ao e i RUBE BR300 1 20

Fig. 10 Distribution of scaling factor in sparse process

3.5 EWBIFHETALE
R T B EAR R R B (R A A s AN SO I YOLOv4-




130 =%

(3

i

K

,%‘l:

R

Eird i 55 4

3SPP-Ghost #1785 , 237 R 4351k 0. 5.0. 8 LA K
0.9, ] YOLOv4-3SPP-Ghost-0. 5, YOLOv4-3SPP-
k2

Ghost-0. 8, YOLOv4-3SPP-Ghost-0. 9 & /~x., A [A]
00 RAA P REXT b N2 2 PR,

R #R T R AL A M AR 2T b

Table 2 Performance comparison of different pruned models

T B [/ ms

i T s B R/ MB TR B/ 6
GTX 1060 TX2
YOLOv4 128. 46 245. 8 90. 06 95. 15 555. 56
YOLOv4-3SPP-Ghost-0. 5 30. 02 41. 8 89.93 39. 62 279. 33
YOLOv4-3SPP-Ghost-0. 8 10. 66 9.6 87.63 32.59 204. 08
YOLOv4-3SPP-Ghost-0. 9 5.76 3.5 45.13 25.91 178. 57

U « 2 o NREL AR B P

M 3% 2 AT LA L B 2 AR 5 LU ) Y 35 T L AR AR 4R
LV R aE B R I B (R 8 R BR AR, 7EOF B
GTX 1060 #y 3k 2 32 B # W, YOLOv4-3SPP-
Ghost-0. 8 BRI ) 3% & A B 8 R4 2 YOLOv4 1
R 8. 200 R B 45 &= A%, /& 3 B 7F GTX
1060 A1 TX2 P& Bl 2.9 f5 A 2.7 £, 5
0 2% S B L 55780 3 T8 3 5 AF R R RS B B A A L
AT A S 4 A BN V7 i B G O 4R T IR
S S 400 i P S R A R 5 0 R R 4 A T AR S
YOLOv4 %, YOLOv4-3SPP-Ghost-0. 8 % % &
SRS R 11 TR

YOLOv4-3SPP-Ghost-0. 8 #5171 &R 43 15 51| 45 1

11
Fig. 11 Some object recognition results of YOLOv4-3SPP-
Ghost-0. 8
:l_: N
4 4 8

B Xt ST T B A A AR TG e e ) S N A
DUPKS B2 1 ] 1, A SC 42 T — B 3 F Ghost ALY
YOLO HAFRRFE R GS-YOLO, % %8 1 18 i 54 hn
SPP B fi Ak I 25 B8 , 8 5 i i1 T SPP &L 5]
AL B 7 /DB R PR kR A R s 4R T S
R 2 %) G UK B85 55 4G D S R o AU e AR B
B 45 3 T B R AR BR R 46 00 O 1k E AR UE RS B Y
) B o A7 50 46 T B AL R BRI B L D TR

http: // zkxb. xjtu. edu. cn

—

AW AEGER AR T TR B s F TR . Hidh R A
Ak Ghost BRI HLE #4 B bi P BL R L 3 > %
LA 4 B 10 0 ARG 0 3k 2R SR P 3 3 B R A BR
25 7 1% K B ASE RN I ot A R A AT IR A R UE RS A
) JEAl L i — 2D SR s BRI R AR A A
B TG I B R, A SO R T IR S
T JF AR R R AE AR & B R TS AT DL XA
[6) (4937 45 S A ) (0 A5 250 L %o 3 B A Y 11 92 Ak BiE
AT HE— 25T

SCH 45 A WL AR SCAR W 7 iR A AL e X
YOLOvA SR HEAT T 46, A48 T4 4019 YOLOv4
TR AT S /N P AU PR (7 A 0 SR X B A0 A1
TP IR A SOT 5 K F . WL Ah A SC T 2 7 S8 AR AL
AT LA YOLOv4 FERY R AT i 2% 0 R 45 5 s, ik
& FUZF1 BN JZ2 BT T ) 4 Rl 28 0 46 450 AL 4 ] 2
HEAS SC 5 G 3047 45 BB AR 0 8 4 L Kl 3 4 3 .
TR BE 2 2] 500k 0 8 e S IR A BR 4 ik A 30 & 4R It
LN L

S 23K

(1] Fe#m. EWs, R % Wi kGRS H AR O
WRGHEME ML [J]. &R, 2020, 47(5);
161-165.

QIAO Mengyu, WANG Peng, WU Jiao, et al. Light-
weight convolutional neural networks for land battle
target recognition [J]. Computer Science, 2020, 47
(5): 161-165.

KR, Paon, EHMG, . TREEAE ) B R A O 12
ik L] T EEGEE M, 2020, 25(4): 629-654.
ZHAO Yonggiang, RAO Yuan, DONG Shipeng, et

(2]

al. Survey on deep learning object detection [J]. Jour-
nal of Image and Graphics, 2020, 25(4) . 629-654.
[3] WANG Peng, SUN Mengyu, WANG Haiyan, et al.

Convolution operators for visual tracking based on spa-




8T

P S 46 < T 1) B Bl H AR U AR 4 e A 1 2 131

[6]

7]

[8]

[9]

[10]

[11]

[12]

[13]

tial-temporal regularization [J]. Neural Computing
and Applications, 2020, 32(10): 5339-5351.
SHARKEY N. The ethical frontiers of robotics [J].
Science, 2008, 322(5909): 1800-1801.

X2, wmhiF . RIS, S, W %S H AR RS9 DRF-
CN R BE W 2% vt K se s [ St T/, 2019, 46
(4) . 180307.

LIU Jun, MENG Weixiu, YU Jie, et al. Design and
implementation of DRFCN in-depth network for mili-
tary target identification [J]. Opto-Electronic Engi-
neering, 2019, 46(4);: 180307.

WANG Peng, WU Jiao, WANG Haiyan, et al. Low-
light-level image enhancement algorithm based on inte-
grated networks [J]. Multimedia Systems, 2020(10) ;
1-11.

LI Xiaoyan, LV Zhigang, WANG Peng. et al. Combi-
nation weighted clustering algorithms in cognitive radio
networks [J]. Concurrency and Computation; Practice
and Experience, 2020, 32(23): e5516.

LEMLEY J, BAZRAFKAN S, CORCORAN P. Deep
learning for consumer devices and services: pushing
the limits for machine learning, artificial intelligence,
and computer vision [J]. IEEE Consumer Electronics
Magazine, 2017, 6(2): 48-56.

HOWARD A G, ZHU M, CHEN B, et al. Mobile-
Nets: efficient convolutional neural networks for mo-
bile vision applications [ EB/OL]. (2017-04-17)[2021-
03-04]. https: //arxiv. org/abs/1704. 04861,

LEE Y, PARK J. CenterMask: real-time anchor-free
instance segmentation [C] // Proceedings of the 2020
IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). NJ, USA:
IEEE, 2020. 13903-13912.

LIN TY, MAIRE M, BELONGIE S, et al. Microsoft
COCO: common objects in context [ C]// Proceedings

Piscataway,

of the 2014 European Conference on Computer Vision
(ECCV). Cham, Germany: Springer., 2014 . 740-755.
TAN Mingxing, PANG Ruoming, LE Q V. Efficient-
Det: scalable and efficient object detection [C] // Pro-
ceedings of the 2020 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR). Piscat-
away, NJ, USA. IEEE, 2020. 10781-10790.
HAN Kai, WANG Yunhe, TIAN Qi, et al.
Net: more features from cheap operations [ C] // Pro-

ceedings of the 2020 IEEE/CVF Conference on Com-

Ghost-

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

http: // zkxb. xjtu. edu. cn

puter Vision and Pattern Recognition (CVPR). Piscat-
away, NJ, USA: IEEE, 2020 1577-1586.
BOCHKOVSKIY A, WANG C Y, LIAO H Y M.
YOLOv4: optimal speed and accuracy of object detec-
tion [ EB/OLJ. [2021-03-04 ]. https: // arxiv. org/
abs/2004. 10934.

WANG CY., LIAOH Y M, WU Y H, et al. CSP-
Net: a new backbone that can enhance learning capa-
bility of CNN [C] // Proceedings of the 2020 IEEE/
CVF Conference on Computer Vision and Pattern Rec-
ognition Workshops (CVPRW). NJ,
USA: IEEE, 2020: 390-391.

LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature

Piscataway,

pyramid networks for object detection [C] // Proceed-
ings of the 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR).
USA.: IEEE, 2017. 936-944.

LIU Shu, QI Lu, QIN Haifang, et al. Path aggrega-

Piscataway, NJ,

tion network for instance segmentation [ C]// Proceed-
ings of the 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. NJ,
USA: IEEE. 2018. 8759-8768.

HE Kaiming, ZHANG Xiangyu. REN Shaoging, et

Piscataway,

al. Spatial pyramid pooling in deep convolutional net-
works for visual recognition [J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2015,
37(9): 1904-1916.

IOFFE S, SZEGEDY C. Batch normalization: acceler-
ating deep network training by reducing internal cova-
riate shift [C] // Proceedings of the 32nd International
Conference on Machine Learning (ICML). Princeton,
NJ. USA. IMLS, 2015 448-456.

LIU Zhuang, LI Jianguo, SHEN Zhiqiang,
Learning efficient convolutional networks through net-

work slimming [C] // Proceedings of the 2017 IEEE

et al.

International Conference on Computer Vision (ICCV).
Piscataway, NJ, USA. IEEE, 2017. 2736-2744.
ZHANG Pengyi, ZHONG Yunxin,
SlimYOLOv3: narrower,
time UAV applications [ C] // Proceedings of the 2019
IEEE/CVF International Conference on Computer
Vision Workshop (ICCVW). Piscataway, NJ, USA.
IEEE, 2019. 37-45.

LI Xiaoqiong.

faster and better for real-

(% M)




