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[Abstract]

In this paper, we propose a model that can perform human pose estimation through a
MobileViT-based model with fewer parameters and faster estimation. The based model demonstrates
lightweight performance through a structure that combines features of convolutional neural networks with
features of Vision Transformer. Transformer, which is a major mechanism in this study, has become
more influential as its based models perform better than convolutional neural network-based models in
the field of computer vision. Similarly, in the field of human pose estimation, Vision Transformer-based
ViTPose maintains the best performance in all human pose estimation benchmarks such as COCO,
OCHuman, and MPII. However, because Vision Transformer has a heavy model structure with a large
number of parameters and requires a relatively large amount of computation, it costs users a lot to
train the model. Accordingly, the based model overcame the insufficient Inductive Bias calculation
problem, which requires a large amount of computation by Vision Transformer, with Local
Representation through a convolutional neural network structure. Finally, the proposed model obtained a
mean average precision of 0.694 on the MS COCO benchmark with 3.28 GFLOPs and 9.72 million

parameters, which are 1/5 and 1/9 the number compared to ViTPose, respectively.
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I. Introduction
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III. The Proposed Scheme

1. Architecture
2 =9 FEe AR A 37800 9lof MobileViT
AMgsto] dedAS FAsiely e 29
MobﬂeVlTPoses AlRtsk= ZAoltt. o5 s AR
oo MobileViT+ MobileNetV2E-E(MV2)1t
MobileViTEE0] (&A™ xgto g2 L9l on, Fig. 1
1} 2t} down-sampling 2-29] 742 | 22 ®7|stgct.
P X= =0l(H), Hul(W), RZ(C)e] RS 7HA]

A NXN ma ﬂﬁ(ConV)é Rlejsto] £33t
< 2t} o8 Soll ¥ oju]x]o tishiA T4 BHS
5T 4 ok MV2 552 AUHA Adel 277 A
dto g HAL, Point-Wise &/da A4 A|UA =
HA dAfE o2 AtdEITE 9 A2 Al(1)of] LERdT

Xe RH*W xC X, = Conv,LX,L(X)a

w

e ——xd
X, ER* ? (1)
A(2)0]lA1= MobileViT 2204 22 BHY E4 @
S o]ux]et -2 R} Patches(X )2 £33t} X9

A} P=WHE 7} Patch] 7t2(H<N), MZ(W<N
71013 N2 =gt Woll &5k Patchesd] 4ol

X ERPXNX(Z
U

[

System Architecture

=
MobileViT |

Block

L

L.

7+ Patch(X, (p))
Inner-Patch®} 7H&|%Q1
MobileViT+ Patch % —Ao] &4
ViT £89] Inductive Bias 2AHS

Xolp)=

Transformer 222 E3f
et oz
a7 o)
A5 =t
ps P,

BAZ 5
2 5
=2 "
ofj &
TmnstTmET(XU(p)), 1<

XG ERPXNX(Z

AEOI 7 X

HXxX Wxd jaja=
il

o

}

=1, Point-Wise 2

0|5
EOH 013471- Xg} 50]0} 7:}%]‘_%
9 WgS Al(4)7F YERHAT
X,eRT*WHd X = Conw, .., (Xp),

= o

E

X, eRTWRC ..(4)

uRlgroZ, Al(B)olA Ur X9 AFEZF X, 9
Skip Connectiong ¢J5f N X N gy AAHConv)S
2asiel, 215 FU% Y2 e
Y= Conv, ., (X+X,;), YERT*W*C (5
& = ollA= A(6)1} Z2 Decoders ARSI 4
of NY BT ReLUSSS £3) kel A1
2. 3x33719) YHF Al A2 ol SIEWK)S
F3008, 71EE] (N e AL 7 ek
K= Conv3x3(leznear(ReLU( Y))),

W

LIS



Lightening of Human Pose Estimation Algorithm Using MobileViT and Transfer Learning 21

H Won,
Ker® t " ..(6)
2. Scale of the Proposed Model

Aot 2Elol  MobileViTPose®] &7} ©esto]
Layer?} Feature Dimensiong ALS-&7 245tH 2
o Fug 47 vl 4 ok ofe} 7o EX2 =g
of & AollA+= 5608t 71e] tiZfHaE 7 2
27} 2 MobileViT-S9}F 1305t 7H9] mf7fH S 2t=
Are- Alo] = MobileViT-XXSE E3f 29| AH5S
QIhct.

P

IV. Experiments and Results

2 oM Aotshs HEYF9] s S8R0z
morstz] S8l o2t 72 Research Question(RQ) &
7};(15 AX 5 AFS Ef) @2 Ah=r}

Aot MobileViTPose7} &A1 AR RpAf| 274
Eml': o }\H:Hi ?_} /\4% 737((1)43_4'% 7<Ho}7}'?

RQZ: AR 812 52 27] 71571 2309 3ol

ZQsp

1. Dataset
2 3= MS COCO Datasetg
%{E‘} 6.H|:é1_ Datasetgl %ﬁ]x}ﬂ% Table 1;’—} 715}1:‘}

53l 2ol Al

Table 1. Dataset

Classes
40,670 17

Dataset Train Validation Test
COCOo 118,287 5,000

MS COCO Dataset2 ImageNet-1K Dataset®] =4
A& siAdsh7] sl 2014 A|Qt=|Qict. 1508t 7He] Af
2 Aot AAE A} A RS FRIT Sk
2. Evaluation

2 qpoj|Aje] HIIX|EZE Average Precision(AP),
Average RecallAR) & 71X|S AL835HYTH AP, ARES
Aler A 24 mWloIA, 24 Abdle AR Rbge] g4t
de UBUe= A== AREEUD, Object Keypoint
Similarity(OKS)oll ©J8) AXIEIT}. OKSE 215 € W
of 7 el AY Aol GAM B LEpCE

2

>exp(— ; 5)8(v; > 0)
25°k™

OKS= S50 0) A7

AN de W A 19 374 stuet Jd R
72l2 ojujeti, Sk Q120] 37|, kix T Aeo| 58
olc} AR Afsoln] hRjstoR o T o] £A

w2 Uehir}

Aot @& MobileViTPose?] 2448 &0lst7| €5
ofeh 47bx| BRSOl WHSH A vlwE DA
MR, ViTPose= Transformer Z&-g H|A ﬂ}?j01
Al BAIRE VIT JIZHE 7HR|AL AR AHAl
gF BHlo|t, Xl o] HX|upIoA 217485
Dot} th20o02 HRNet2 AEE H|A L} ofjx
QA== ebd E4R0] A%t AW S0l 01
oj| = x]dﬁ\_ﬂgi _TL@H/\]- %xlxﬂi_ OKIO}‘L‘ tgaeqoo
U EYToct Al ¥R, VGGE 3x3 ¥ ZEES 53t
CNN 7Jgte} 712 AIFY wHolh oiX|2fog,
SimpleBaseline2 ResNet7|gto] EXl &1t &4 L3
£ 2= A%l

HJE
% >
o{x ek o X2

_1_4

i

3. Parameter Settings

MobileViT = AFt AHA] £49] 5-£49] Top-Down
grAls 2t B =FojAEs MobileViT-S,
MobileViT-XXS A1737+2 ALL5F0] MobileViTPose-S,
MobileViTPose-XXS& Alerion, MMPose
Codebase[23] QtoflA] NVIDIA Geforce RTX 30602.2
sk&stadct AW ImageNet-1k  Classification
Dataset[24]2.2 %7]etel AMY st 7HEAlE AMESIA
c}. MobileViTPoseE &t5517] 9J5H MMPose?] 7124
ol A3 3o 256x256 Y ATt AdamW
Optimizer[25], 5x10” 'et&5S AMRSIgch 2He
210epoch st&otH 170WA] 9F 2008mof|A] 22t sk
0] 1084 ZrAstti{26].

4. Results

4.1 Experimental Results of RQ1

Table 2+= H]n @@y} Ao o] M=o 1LERAC
Ul Y5 CNN A|”o] 222 ResNeto] et
Deconvolution Head UE$F9] At &) 7ithst
IA2E5 U= SimpleBaseline(ResNet-50), o]0jx]9] TF
SAES ¥R oz X2t HRNet(W32), ST
1 3 39| iAol 255 59 2L YEYIS
15t VGG7T 9o, Ao =& MobileViTPose(S)At
oJofAQ] 4% Ato]= AP Score 7|, 242t 1%P, 5%P,
0.4%P WHA|SE, WY 5 RAS0] ofrfise] Fj5of
A 73%, 68%, 52%, Flopsol|A+= ¥z}, 66%, 62%, 81%

B oy o2
B

Olt



22

Journal of The Korea Society of Computer and Information

Table 2. Comparative Experiment Results Table

Model Backb Params Flops Input Feature COCO val
oae ackbone (M) ©) Resolution | Resolution | AP AR
VGG VGG16 19 16 256 X192 1/4 69.8 75.4
SimpleBaseline ResNet-50 34 9 256 X192 1/4 70.4 76.3
SimpleBaseline ResNet-152 69 16 256 X192 1/4 72.0 77.8
HRNet HRNet-W32 29 8 256 X192 1/4 74.4 78.9
HRNet HRNet-W32 29 8 384X 288 1/4 75.8 81.0
HRNet HRNet-W48 64 16 256 X192 1/4 75.1 80.4
HRNet HRNet-W48 64 16 384X 288 1/4 76.3 81.2
ViTPose-B ViT-B 86 17 256 X192 1/16 75.8 81.1
*MobileViTPose-XXS MobileViT-XXS 4 2 256 X256 1/4 61.7 67.9
*MobileViTPose-S MobileViT-S 9 3 256 X 256 1/4 69.4 74.9
Table 3. Comparative Experiment Results Table
Model AP AP, AP, AR AR, AR,
MobileViTPose-XXS(Plain) 60.2 84.8 66.7 66.5 89.4 72.7
*MobileViTPose-XXS(Pre-trained) 61.7 86.1 69.0 67.9 90.5 74.6
MobileViTPose-S(Plain) 63.9 86.2 70.8 69.9 90.4 76.3
*MobileViTPose-S(Pre-trained) 69.4 88.8 77.0 74.9 92.8 82.0
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Fig. 4. Mobile ViTPose Experimental Results Photos
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