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Lightweight Human Pose Estimation Based on Multi-branch Feature Fusion

ZHANG Guo-You, GAO Xi
(College of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: Human pose estimation based on deep learning is widely used in pose recognition, human-computer
interaction, and other fields. In order to improve the detection accuracy of key points of the human body, many networks
adopt a model architecture with increasing calculation amount, parameter amount, and complexity, which is impossible to
be directly deployed to low-computing devices. To solve the above issues, this study proposes‘é lightweight method for
multi-branch feature attention fusion. The model is based on the HighetHRNet network for lightweight design and
training. Specifically, channel splitting and channel shuffling are édopted to solve the information isolation between
feature layers after group convolution; the feature generation method of linear operation is used to address the redundancy
between different feature layers; the method of«fusing attention information is employed to alleviate the accuracy drop
caused by lightweight. The training, "teskting, visualization, and ablation experiments of the model are completed on the
MS COCO dataset. The expérimental results show that the lightweight method in this study can significantly reduce the
calculation amount of human pose estimation under the premise of ensuring intuitive detection accuracy.

Key words: lightweight; feature fusion; attention feature; human pose estimation; convolutional neural network (CNN)

NARZES A T AR 55 R AR B R PR &5 T 2 55 0 BT 800 (P A S F
MR OGBS, AR R L B DA ki 2014 4 Toshev 55 A\ A VR FE 2% 21 5 R XS
R AR AR B2 W AR B B ZE, 72 TH LA IE Tk T DeepPose W45, R KIER £ (1) 7R FE 5 2

@ YRR E): 2022-11-15; A B AT 2022-12-23; SR E]: 2023-01-06; csa 782k H AR I [8]: 2023-04-28
CNKI %% B K I []: 2023-05-04

System Construction &4t 1% 121

© EREERREST  hup/iwww.c-s-a.org.en


http://www.c-s-a.org.cn/1003-3254/9112.html

it E RGN

http://www.c-s-a.org.cn

2023 4F #5324 HH 7

D7 TR AR S b, FLAESGBR 3 L him  f
Ge k. AT, BEAE R ARE S IR IZ IR . S5
B SRR, B IS TE RS K
P 7 T A /ST 47 8. A5 BT 6 8 R P2
AR, WA 2 B0 D R8BSR R (7 2
TS B SN (% AR, B THE SRR K
TR 7 % R O 1

RHINE e RN N FEINTE S h )
PN T ITHRIEIN SIS LIE YN )
L4 B2 T W ABEMI. AU Z NEE
VR B 58 1 25

TE% NI AL S, (AERI AR AP
B3 AR IR 1 S 1A AR W 52 1 ), 5
55 5058 R KRN 43 LA T4 55 HRABAE 55
AT 56 R IFF AR, 2 A A Al TR T 20 T R
(top-down) A1 H JiK A _E (bottom-up).” '

TR 1 S A b 0040 A N 1,
P P S AR P 44 AT 3 AR S A . IR oK
SZRCT RIS, B B b BT B AR AP 83
SERHE SR, AR SR 0 2 ROR P B , ELAF
TERAIAREAR . P77 R 10 1,

R 1] b S0 M B T B T R SR X B 7E T
R AR 58 R A i SR, T 2 2 S K
A B3 RS, % A 8 1 5K 185
ZEP NGNS R R o b E T EPE TN
AP FE D IO 0, (LR AR 5% 2 55 L
BLRAS . A S5 i)

2019 4F4% H 1 HRNet W 2810 2 —Ff |5 T ) F &L |

12, B X HE B VP IR 4% (stacked hourglass network,
Hourglass)!" 72 7EA 4 # 2RHAE MG S K 1], R
TIHFBRALR R R PR REAE A A R 28 S5 4, R
SOAIE T 55 75 4 0 B R 2 D e R o 105 28

2020 4 Cheng %5 A™ 75 74> 9 2R M 4% HRNet 3
fih b, BN ST 5 AN R RS I AR OB s I ik 47
Sk, R T B R B Al T 4% HigherHRNet.
PL HRNet N ET3G00 7RG, R H 2 53 20l
SRR TR SR, AT T B A RO R i A A, i
fRr 1 OR T R T 2R HORS 1 B e = T HRNet, AR AR
RS [] b B9 R FH DG IR MR N b 28 B0 0 G 4 LR AT
.

Ma 25 N\ 2 H 1) ShuffleNet V2 [/ % (1 3 A< 21 B

122 Z%i% % System Construction

BTG, MR E & 4 B (channel split) 5 SO ASE— 20 N
LA T R 1 ORI TT 4 B B RURIE S B R
FRAEHEHL, i £ f# FH BB R Yk (channel shuffle) 77 3 5¢
PR E T2 Flan 25 A1) S F o 28 0 46 55 RIS AT
ST, 9 BUM R G I 10 e 2 2 1) LA 62 e
TC A IKRE 2 2 18] 70 42 R B AL 10 #0 JE , 46 45-4F
VR — 3 43 ph B LA B, 57— 3 43 ) S A PR
FE 2 700 10 75 0 0 A EL RO 2% L G
VI, S7E RATE 90 4 S e A 52 TR BRI T P 1
MRS BB, 7 5 1 I R e B A S AT
TR ¢ L .

ST 4F K, P (attention model) 271
TR % SE % b, BA IR . S %05 5.2
W ANA M B 4R TR RS PO O A, R VR 2 ST 4
KA 2 SV SR RO LR, Zhao S AU H
HIRFE & 7 857 = )1 M 4% (pyramid feature attention
network), 4335 P P 4493t f il f5t it A O KU 433 77
v, PRIRAS R R RGBT ), B TR S
Bl 2 R PR AT 1S T

FF LRI FT, AL HigherHRNet 17175 H 5 4
A 0 25 ) SRR VB R L, R T
BRI Z BAFIERLA N2 (lightweight multi-branch
feature fusion network, L-MFNet), i#id 5] N\ %-Fh 2 &1k
7 1 KT B 7 4 R 0 4 ke Tk, [ e BN
FTHLA], ST SR (3 BRI, A T
fEmF. g\

(1) 42 T3 7 A R e i B A 1 Shuffle 4
Pl Ghost #i B, Shuffle BL R Fl T 45 W1 4 A B 91
T4 PR 4 1R J2 A G 45 8, T Ghost BER I 32 ) T
SRE RS LS .

(2) $ i — B 2 B 2 AR AR, HL e ]
AT R 6 3 i 0 O P S 9 R
WAL JE2 0 % [ B TSI, 380/ B AT A 2%
SRR 4 % S 15 LRI

1 AHSR AR
1.1 B2

W28 32 Ak (1) H I AE T, DARRAR SV TH SR i 7
R, VA B AR SRR RN, $E misiT . 18
N L8t R B 2% 5 1, B4 72T S MR EN
LA AE ) MobileNet R FIP28">' | ShuffleNet %
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W25 ST HEAE B T A M) GhostNet FR1251, 3
b, R B 25 ) H AR E AT R R 2 S BRI
REEYRAr 17 4G (group convolution). R JE A 732
N (depthwise separable convolution). #HF{E 5 &A%
()2 [E) 4% 43 1 23 (8] 7] 43 25 45 #1 (spatial separable convo-
lution). fH/MEE L K/DNIIE B &R (pointwise
convolution).

AT ERAREAMEREEEERTEINEE
AR, LRAIE 5 70 R 23 R AIE 1 I 45 e 8% S i 8 AT 7R AR
B k.

1.2 GEESIMLE

TR IR A VR AR B 2 A AHKAE B
IR A, SE IR T AR AR X 2% 1 — EE SR R, oG =
LA REURIBRAL . TKE (R R 28454 A IS SB-Net
e lOV i — b 4R EE 3 R 4R R X 4 Gl AR
5 7 B 1 FEL A, SR e 08 T A 4 G
Pl 2 TR £ S AT R, IV 2 4 T 2 2 [ 3
() PR AP A1 J2 B AN R A B, e 24 ARR AR R 77 =00Ks
RS B SRR & . DA-Net /2507 S H] IR
77 =R BUE 8 v S A R R R ). AR R R T
THL, 05 A J T A7 R I 45 A ) 2 Ao 1 S ) 199 R o 1
R, — P B B R SR AERRAIE B ) A G, 5 — Fob

Stagel Stage2

R P T AR AR AE 1 A 2 TR AR Sk T < 7 BB R ARV
R 25U D) e R R EOE T A R R R R, O
73 BRSPS AR e R AL, DA B EE TR,
SIS R, E R G B M RIEAE SRS AR A
ESN

2 L-MFNet %5451

ARSI 4% L-MFNet Pl HigherHRNet ¥
251 w32 ﬁﬁﬁﬁ%ﬁﬁ*@%i&ﬁ%%%fﬂEﬁé‘%%ﬁ:%
sk, Bk 7 ik [H & ] F HigherHRNet X 4% )
filf 4. ¢y .

L-MPNet 4 G511 o, SO e e
EXWJ‘%#\:@J/E\ 4 BB, 40N Stagel. Stage2. Stage3
FN Staged. Stagel i Stem fEHL. 4 X Shuffle-Neck 1%
YA B Tansformer AEERAA . oy, Stem A58 it
FR IR J2 5 AR 2R PR RRAE B BRI R S I 174 23 7 2,
IRPFYEE N 64x128%128 [FHRFE . Transformer FRHk
SIIBUISIDEAdh YAV LR DN R 1 <3l oh e T o oy i
HAEM 28 1 FoA B B B R . Stage2. Stage3. Stage4
MR 4 NAN[F] 3 P 23R A P 1) i I G [ 5 i 1) 1
IR X - X R I [ A% 8P Atttention B8t Shuffle-
Neck #Ht, Ghost-Block fEHR.

Stage3

TD@% ‘

N w

-
'
g e

d

Stem 8 Shuffle-Neck Ghost-Block LRFE FREE vER B GBI HRAEE

"

B 1 L-MFNet %8451

1M 48 5% J5 1) Staged B BE, H5 A8 [ 20 2R (RS AE
Bl I FRFEIEB AT, & SRRFAE I 2 Hr 2, S
T8 & SRR i — 2RI 128%128 73 HE%, AR5
K RFAE b5 A ER B AR B 7 A5 21 17x128%128 |

B 7 3, SR IR TR 22 I B BB, 3 —28
Wi F TSy BRI T 2 256%256, [RIBTRHAEEI 17 )2
TR RE T 17 NSNS R AT

2.1 Shuffle-Neck &R

Shuffle-Neck BS54 an1& 2 fros. 1 56id@ad 4
HRT J2 02 s B R, BRI AR L S Jm R B0 128, 64.
FHERFE Y 128 FRFE I I 3@ E 45 73 (channel split) 75
15, K FFEEITE channel 4SS FRIEE — 2 8, —F
AMHAT AT AL FR, 5 — = HR I J2 08 s AR AR FE T 4
B, FH DL SE AR A P 1 388 T R A [ 4 FE ()5 S A8
. 5380, KRBy 64 HIRFE M\ Attention R, 13
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3] 2% (A3 50 R A T A A VR AE B R AR R
4 UKL 1] 58 OB TE HFHE B TE TR G, 1£ channel 4Ef
SERURHIL S B ARl

l

1x1 Conv, 128/1, p=0, g=64
BN, ReLU

1x1 Conv, 64/1, p=0
BN, ReLU

Channel split

Attention module

1x1 Conv, 64/1, p=0 |

BN, ReLU{
| 33DWConv | .
BNy Y s
1x1 Conv, 64/1, p=0 |
BN, ReLUy
Concat | :

Channel shuffle » v

.

ol
' -
2 Shuffle-Neck

HEPUERELM KT T, 2 HE0M K
SRV A2 WA RIS A BURHIE T, A FRHIE R
ZIAS 5 BRI, SRR O A FRIEZ 15
SR, WAFVI A B MAC (M NRFAE B i Rk
K. BRI N AE T #2518 BTSN (1) Fros:

MAC = hwey + hwey + ace
g

B B
= hwc + - G
c1 hw

Bg

>2VhwB+ — (1
hw

Ho, b ow FORA R RS . B, ¢, £
i N B, ¢ 2 IR RWRTE, B A2 (0
hweye, W&, !

S04 35 A2 1 N AL 5 8 Hh A 1 R R S
MAC /). FITU), Shuffle-Neck fHe o {5 FH ) % 2 461
O\ E L5 A R P 2
2.2 Ghost-Block &3

S K IR A 7R [R5 2 ) 77 2E MR
SRR B, WA 0 B4 FF B TT AR B A2
B L . Ghost module X F#y NFAEE , ) RFE E 1)
AR 2 1R 6 PR T AP, 454 452 A7 2 )49
FFTHAY. —HBA T m A BB M8 % B S
5|, sk (2) Fiw. B WHREEE 1 35185 i
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ME B AT AT, W (3) FUR. ML, DUBiE
B3 7 2K T R A LD R BE A m R 1 I
Y =Xxf’ 2)
Ho, f7 € ROCRMIGBRUZEE by w AR E K
IN I W RN BN,
Yij =, Vism, j=1s (3)
For, s=nm, y| FoRHHE Y05 § AT, 0 FRE
J85F j A Ghost FFEEly; 15 j D LefEia 5.
Ghost-Block i 1 A ABEL S i 415 P
IR,y T s R L L RIS
Ghost module ' 8 3855 FRUF 2k 1z 578 fin tHARFAIE 2 2
e, SR PRI L9124 . A< SC 925 V3 SR i UR FEE 7T 4
BB, S NKHE FREE S 320 K/ 128 I, 4R
THEXTLE A58 30.1% 1H5H & . Ghost module 5% 18
B A 2 I 4 26 2 BT AT L, 7 e 1 9 %
BURIZPEIE 5, R RIEAR LU P A, T8l 3 s,

/ldentity
o,
Cony ~
E—

——
—— R ==

K 3  Ghost module ‘
\

Ghost-Block ﬁi}%:@}iﬁﬂﬁ/j\ G}iOSf module 1 1
Attention moc{u@, EEE%%E%%/I\ Ghost module J&, ¥
Attexition LS B REAE By 3 045 5 DB B AR n 1
LSS RS, WA 4 Fis.

l

Ghost module
l BN, ReLU
Ghost module Attention module
|

l BN

Add ~----=

lBN, ReLU
Kl 4 Ghost-Block
2.3 Attention {EiR

Attention FEBRFI FETA4RAIE &1 77 2 [ A58 T8 3 A 24 12
GE T REEREE RIS, 700K AT b A
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ﬁkm%%ﬁﬁ&ﬁm
R, HaituwE s s,

=R B [ E = )

Max pooling Avg pooling Avg pooling  Max pooling

/7 |8

Linear, Linear,

RelLU, RelLU, y
linear, linear, )
Sigmoid Sigmoid

’
/

5 Attention FEHt

I AT 1 SOREHOR i N RHAE B SR U TE
JHE BRI A M B, Z 5 18 F A0 B AR 38 7 v 5
i N AR AAE P 3 A 3 T N 2 T PR R A, 15 313
A Ay I RRE .

Y ERRE I ME A Attention BRI, —4EHRAE
FENFE B F IREIE R 5 B, YRR AE R 4R
F R EERIIMER
T EFE N

C' =Mc(F)®F 4)

¥

S’=MS~(F)®F‘ (5)
oo, @3 gk AN A e TR v TE T, TR A1
BMc. Mg'5 F R ML 52 5 FE 7 L3 137 4
JEEASULEC ) . ¢ FIS 72 Attention B [ B 284 HY

3 SEE
3.1 ELWIME

SEIGAE Ubuntu 20.04 R4 H #5878 PyTorch 1.8 IR
JFE 2 S HESE, Python i 5 MRAS A 3.8, 52 536 A 14 1%
32 #%0» CPU. 32 GB W ##. WILEA R 24 GB 1)
RTX3090 &, FFHEEE 1< — MR 1 70 A Xl 2R3

CEBE B RNE AR

15, DL FAAR S ad R 7Y I 2RI 1) . S84 ) Adam 4k
R BN TN 1E-3, Kk MS COCO #iE
£ 200 JA 12 ) R EERE] 1E—4. N 1 P78 5 1
TR RN i ) A A5, T FORLE 40300 1. 1B-3.
3.2 MS COCO ¥iiEs

ASLIGTE MS COCO (Microsoft common objects in
context) ¥ 4E FAT AL K11 255 50 AE. MS COCO
HAR A A AT 250 000 K& 17 N ICHE SR 21 B
BT AL ()
3.3 iFMNiIERR ="

ﬁT@IEE@E*ﬂTﬁ@ IN. TS TP A Lol Lo
S MS COCO M AR 7 HULH I FE OKS (object
keypeint similarity) 1F A% A SO AL PRA (1) B2 07 V.
OKS HJ5€ L= (6) Fiw:

2

-d’
Z 00> 0
OKS = (6)
D [80i>0)]
oo, d 32 bR % B AR T S B 2 TR A BRR EG R
B s RAT N BRBER -, AR S N A 0 T AR )~
T, RIER: s= Vwh, we b AMERIIHER 95 . .
O KRB S IE— 7, HER G REAR PR EE S
LS 2 TR IR bR e 22, #E MS COCO i 4 A A] 2%
RO i B AN E ) — 1&!%\1’&%7&4&2@%% i
R ARG v 3R s R B i TR KA, 0 Fom ot
FAREL 1 i%w‘ie’fﬁﬁ EAREE TR 2 FR
= E,\ZfT/ﬂWﬁ A,
o TS S A P v T 40 G R 7 [ e S
S5 BBAT /M I6AIE, A4 : mAP (0OKS=0.5, 0.55, -++, 0.9,
0.95 I BB HERR ). AP50 (OKS=0.5 A& Il v i
). AP75 (OKS=0.75 MK IIHERE2) . APM (Ka il
FRAAE 32-96 My B REE N AR) . APL (ha il i A2 K T
96 I KA R AMK). AR (OKS % 0.5, 0.55, -+, 0.9,
0.95 B HJ~F35 4 [81 28). g T i S 1S B 7 6 1 AR T
K5 e 51, F Params (B3%(&). GFLOPs (i
&)\ Input size (§it N ) I B S50 285 5 7 Hr .
3.4 SEIGEER
ASLE K L-MFNet 4% #£ MS COCO 2017 %
£ b 50 5 O ZR AR, 5 A M BRI 1R A
fhF SRR T M. BB SHE. IHHE.
R 2 77 THIFEAT X L S5
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1 A TTHRAE MS COCO 2017 365 E3REY
(10 52 36 P i 4 SR R L A A 7R 4 SR P ko Ll BHie , s 2
R L-MFNet A5 T oAt 0 26 75 AH 7] 4 15 2R 00 15
BT, DU/ S HCEE TR, SRS T A AR .
Forp, X HRNet 4%, A SORE Y B AR TE S 38 HE ff %6
AP VLI P35 A I3 AR J7 7 5 P 1K 4.3% 2.7%,
{EL7E 7R 2 B0 T BRI 8.6M. {EIZ BB 2% 7 T
GFLOPs [#1Ik 4.15. Y EE s o W A xE & i, A
J7 1 DAAR A /D B A R v A e e AR, (ALY
AT AT B R AR T, £ 770, T AT 8
T HR ) ERRSAGT %, AT BT R 5, L

MFNet X 2% A 5 53 OB A ARz ) [ g 56 B O B st
W AT, £ 1 IR E T A T ik, Hat
AR R B DR A T AN B 22 1T AR N AR AT ) 94 244
T E. £ 5 RN EA N4 Lite-HRNet-30 /2552
UG LERXT L, 7£ OKS M 0.5 KPR UERT 3 APSO IS
PR SHERTF 1.9M. 15 & GFLOPs 27} 2.64,
HAbFa 4R35 T Lite-HRNet. A SCRl& 4 Rk & 115
BT, BT NS o i B 4 s 31 =) 3 1 o
i, HRST R I N AR S EUR B rBBA . [ B, 423
7 AR R 4 YRR LG, AR (L
LTl Eﬁﬁ% T LR P A e e 5 1 5 LV

F£ 1  MSCOCO 2017 % il 425256 45 5t 5 Hody 750 % L

Jiik Backbone Input size Params (<10') _GFLOPs AP (%) AP50(%) AP75(%) APM (%) APL (%) AR (%)
SimpleBaseline!'" ResNet-50  256x192 3.40 8.90 70.4 88.6 78.3 67.1 772 76.3
SimpleBaseline!”!  ResNet-101  256x192 530 12.4 71.4 89.3 79.3 68.1 78.1 77.1
SimpleBaseline!"*! ResNetsl52'  256%192 6.86 15.7 72.0 89.3 79.8 68.7 78.9 77.8
HRNet-32 HRNet:32  256x192 2.85 7.10 734 89.5 80.7 70.2 80.1 78.9
Lite-HRNet-18!"” LitefHRNet-lss 256x192 1.10 0.20 64.8 86.7 73.0 62.1 70.5 712
Lite-HRNet-30""  Lite-HRNet-30  256x192 1.80 0.31 67.2 88.0 75.0 64.3 73.1 733
Ours (MFNet) MFNet 512x512 1.99 2.95 69.1 86.2 77.0 67.5 76.1 76.1

F 2 AR IFAE MS COCO 2017 MREE Ffsz
6 45 5 HoAth J 904 MS COCO 2017 R4 _E it b
HE, H+ OpenPose. Associative Embedding Al
HigherHRNet J& T F K ] b AR ZAS Al v 50k,
RNJET BT TN LS5 REER 2
(18 S 56 H5 AT AR O, AR SCOTVEAE R A A TH R 1)
BRI IFAAER KT, Bk BAR A 5 Higher-

HRNet P25 40>, {HFH%) [t 5 Hourglass. PersonLab |

S R VR 2 5] WA A TH B, TS 3R R HERG R
i R BT 2 HigherHRNetsW32, RSr T
£ mAP. AP50. AP75. APM. APL {75 5 &y

|

TS R B, 0 A 1.0% 1.3%. 1.3%-+ 0.9%.
1.9%. A& J7 7588 OpenPose 7EAH [F] HEff £ & & 7 1,
HIBED BIRTE 3.6% 1.3% 4.0%- 3.2%. 4.1%. {HA
SCH7VERL HigherHRNet-W32 7 2% S 5B 75 T FEAIG
8. 7M. iZ ¥4 Z% 8 Jilii GFLOPS WA 44.95. Xf H
Lite-HRNet [F£5¢F MS:€OCO 2017 Wi £ F IR A
RIS 56 S SRt L, PR T A S0 v R MR 5T J R P
FIAEZ AL BE 15 T R B EE, BT CAAEAE A e R LA
A T R 2R B A 22 P A . ABLE SEBRIE AT R, L-
MFNet W25 HoAth 77 v e % B 8212 47/ CPU )
RSS2, 2 m] IA F) 28 fps.

#2  MS COCO 2017 MIRLESLIE 45 ] 5 HoAoh T7vkxt L

Jrik Backbone Input size Params (M) GFLOPs mAP (%) AP50 (%) AP75(%) APM (%) APL (%)
OpenPose™” — — — — 61.8 84.9 67.5 57.1 68.2
Hourglass'”’ Hourglass 512 277.8 206.9 56.6 81.8 61.8 49.8 67.0
PersonLab®"! ResNet-152 1401 68.7 405.5 66.5 88.0 72.6 62.4 723

Associative Embedding™! — — — — 65.5 86.8 72.3 60.6 72.6
HigherHRNet-W32! HRNet-w32 512 28.6 47.9 66.4 87.5 72.8 61.2 74.2
HigherHRNet-W48"! HRNet-w48 640 63.8 1543 68.4 88.2 75.1 64.4 742
Lite-HRNet-18"" Lite-HRNet-18  384x288 1.1 0.45 67.6 87.8 75.0 64.5 73.7
Lite-HRNet-30""" Lite-HRNet-30  384x288 1.8 0.31 70.4 88.7 77.7 67.5 76.3

Ours L-MFNet 512 19.9 2.95 65.4 86.2 715 60.3 723

126 % %i% % System Construction
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3.5 JHRASEIE

N T BAIEA S L-MFNet W 25854 (Shuffle-Neck-
Ghost-Block. Attention module) fJF 2, 7E MS
COCO 2017 YIZRAEAMIRAEHE 1, BEAT HE— 22 O BAIE 73
Mg, 45 Rk 3 pos.

% 3 Shuffle-Neck #1 Ghost-Block )75 filt 256

o Shuffle-  Ghost- Params mAP

Xt bk GFLOPs
Neck Block (M) (%)
HigherHRNet-W32 x x 28.6 479 664
Shuffle-Neck N x 28.4 478 665
Ghost-Block x R 20.1 3.86 652
L-MFNet V R 19.9 295 654

MR 313 Rl S 50 HOHE 23 B AN 2t Shuffle-
Neck #H] L-MFNet f45, 1 Shuffle-Neck #HAY
1E Stagel WrEXEFRRLF 4 vk FLZE 8 Ak B R I X
Attention 1L, JF LA 9 ¢ REAL A ARIE FRLER D, (X
1 0.2M ZHEA 0.0 GFLOPs ¥4 5. {HAR# T Higher-
HRNet 1T LLETF 02% mAP, MU & Mk T 003 B 2
JIRSAE R & I 4 R {85 F Ghost-Block B L-
MFNet [ 44 LABAE FHE R 2 AR, 7351 T 7.5M 2
R A 44.04 T H S FEK. #1T 5] N Ghost-Block 15
HeqE A I 2% By 5, ) FF 7 [0 A J2 2 160 0 7 4% Ml
G TR AR BT 5, 4508 — & ol — 4 i
FIAL G 32, 55— 040 4049 W) 16 2 Bl SRl SR 2%
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