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Error Correction Method Using LSTM for Lower Limb Joint Angle
Estimation in Camera-based Gait Analysis
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Abstract: This study proposes a method to enhance the accuracy of vision-based human joint angle estimation by correcting errors
that occur during the process of estimating the positions and angles of human joints from videos captured with a monocular
camera using long short-term memory (LSTM). The proposed method assumes joint angle data collected using a Vicon motion
capture system as ground truth and trains an LSTM model to adjust the camera-based joint angle estimates to match the Vicon
values. The test result demonstrates the potential of upgrading the performance of low-cost camera-based joint angle estimation
methods to a level comparable with high-cost motion capture systems.

Keywords: gait analysis, joint angle estimation, sequence data correction, motion capture, LSTM

]o

2(gait analysis)< =212+ 21737
FEE %’ 7V¥stal, A8 715 At A4S S48, =3t
g APE A5k vl 83ttt =3 84l
HgEla &5 9 FEYX 328 JAdsi, v|gko|y A}
TEIH 22 FAE 27l HAY 5 QAT
MofAl go| AMgShE AFEEE Eﬁg &5 l"%-%, 73,
o] glom, ol& xIEy, Add
Y AgE dsiAY A HH Y Eﬂr* %’7}3
Z8-9tl2). gk, B 4 ’\] SHA] A7kl HA &
T UoH B3 mAg o) S AeHA AASA, XH
X]E ARE AFHoR -‘37}6‘:} Qom, B o &5
T3 HAsle] 71448 & Joh3]. 2z #E AU

2
i%
RS

Ba)
ke

o ol M

r
g

M) WEkE el BAY, AAA £, Tk ol 5o
AP 2ol AV 5+ glow, o) Hhero R §S slelsie
Be B3 9Ed A% vk b

ue A ahA) wEZhe S 98 =A AA F1ES
=Qaka Q] F2 vt Az vt B gl

MLMC (Marker-less Motion Capture) A2~ S2 UHTH4].
sl Azwe Qe AAes B v 24e A3
7] (golden standard) &2 ARE-%]= Vicon Al2~Elo] T2 o],

ofe] thel 294l 7hvtel viAL v & 2-8ste] AlA 2
W] 32k HIXE SAstaL S w3l UVM 32kl
HAE ARFsl QA B Hwot FAYS & ASEE
74 2 BHIIT5). 22, Vicon AlZEl 7PZ'101 HIRaL,
7hetE wiAs7] 2l W F3to] SEEofo ahu, Ate]
AREE BAS] ffe sdE A2l o3 A2 2
Beold o] a7dth

Hkoll MLMC Alz=dle mi7i7h e Qo] &9 ZAp7t
kB a Blgo] A e, B Al EFed £43 22
=gk 2ol Al AR ¥ 1718 LAl v 58], MIMC
|~ElS Ba) BSOS B3 ull=ma) 2o AATE A

2PEEh= ] 82 4 th MIMC ool #H B2 d77)
=) E23

>~

OJHAIL = ot Bd/bT T
313 205D G4 HolHE BAste 225 A A

X ZF(HPE, Human Pose Estimation) 7]<°]™, OpenPose [6],

MediaPipe Pose [7], HybrIK [8], SMPLify-X [9] 5-¢] 7I"E°]

A

7IRke 2 7hiE o] Asts}

27 weh A=t

7Fhig} 7)¥k HPE 7142 389
A&yt AET AT, 8

1
=
=,

ol WAL ek F G A AL Az
BN FYHYHA B ANE A ]
of@k. Tela AR} WA gAoks 25 BA Eemoton
b7k WA} B e A3 FAe] ofele 4 Qo]

*Corresponding Author

Manuscript received December 19, 2024; revised January 3, 2025; accepted January 16, 2025

AdE:
BhF
%L Folstn AxAF-sky w3 (kjwook@dau.ackr, ORC
=L HINls AR TSR LR
FYEAFUTHHA IS 24-SF-AL-01).

Sobistal Akt AALg(921sh@naver.com, ORC

Copyright®© ICROS 2025

Fottisn AT WAREA(19731jmj@naver.com, ORC
0000-0002-1343-5404)

2 oA A) Yo NEEYEY

0000-0002-5826-3917)

0009-0008-7406-0053)

oA Faals NErlEHEARle] ATl Adow


https://crossmark.crossref.org/dialog/?doi=10.5302/J.ICROS.2025.24.0286&domain=https://jicrs.icros.org/&uri_scheme=http:&cm_version=v1.5

182 Sang—Hyun Jeong, Eunju Ha, and Jong—-Wook Kim

Zhzke] A el wet Wl JRV 7A A3 XS
FAs) ofgte o Uk =3, g7 wdo| 33k Hr=hE
BALE Arksls Ao 7] 58K (inverse kinematics, 1K)
Aol A3} spgella FTF R @A) A 4 Qlck
ARFo R JAAE we} THS o]-835 UeslE ¥ tholo
T (stick diagram)S. 2 FHFFOZH AA| QAo BERAS
3] wrgskA| Katrlell 7hdet 719k HPE 7]l A #dz)
Aikel] 217} s 212 ag = Qith

B =RoAE o)gA iHlet G4 ZIRke R Q1A Ik
FAL v WA= 22 wASE] A8l 8417 Hrecurrent
neural network)®] ¥%<! LSTM (Long Short-Term Memory)
[10,11]2 ©]-83} 7}wEl 719k HPE 7]&E 37 (estimate) Tt
HHZFE Vicon2 2 = (measure)r 7ol g LA
SIEE WA Shs(correct) B AP 2] A
2] Fes H2Es] 98] tha} 3]F(Polynomial Regression)
v v AEe APsiyon, e ol LilshR] ke

B3l HolelE ARgSlo] 7 FRe] W b AEE Hlurh

B =FdAMe 2d Ed43} HFS 218 23 Al Vicon
A 2='ll3} Tt 7|} 71k BEA] A 2~BI(MCGAS, Monocular
Camera-based Gait Analysis System)ollA] FAol =4 2 43
S FA BT £33 4% A7 dolHE ARSI
MCGASE £ A7AE0] AT /s o= QA BHAS
Y3 RGB G734l L= Al (MediaPipe Pose$} HybrlK 5)E
Zgale] w Ze|dolA 22 BA B $1R] BRE FE3,
BAFE Frwolt mdle] 298 A X7} o] T 9|9}
Aok ¥IBIEE 14 A3t Y2]E? uDEAS (univariate
Dynamic Encoding Algorithm for Searches)& AR8-3ted 7Hw| 2}
AEF kel gl 2 A Zhzet Aol Fa <A
WANE FAh= Al=Folu12,13].

e Fd gl 3ol AN HolEE & 13 o] ¥ 29
oA 27 FPARRE g Aotk IPA= Vieon 7HIER T
A E BN HA nAE 22 A2 EYed s
Ak 9t 7Ehs 84 F1Z: 23m AEjelA] 249 dER
e 29k 23 AL 47 28knh, 3.5kmh, 42knmhe]
L2 6023 AL

® L AFAAEAEE, ), AD).
Table 1. Subject information (Gender, height, and weight).

Subject Gender Height Weight
A Male 173cm 80kg
B Male 175cm 83kg
C Female 158cm S52kg
D Female 162cm 78kg
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Fig. 1. Results of sampling rate synchronization for the left hip
joint angle (Top: Vicon results, Bottom: MCGAS results).

2. dlolg] Mx2|

=g F™-of ¢4 Vicono 2 ZA% A7 AA = 7l e
FEoE FAS BEL AR T BED S50 AR FE
UX|AF]1+= &718Ksynchronization) ZrFo] &3k Vicon
A2l 2 100Hz, 712}t B3-S 29 30H] AMEH £55
7RI BE F Hlol8E 571315k $13l Vicon Al2~El1S] #EZ}
oS 30HzZE T4l Z3(down sampling) SFITh ThAl
282 #3 7l¢ -l AME-EE Python gholB
SciPy 9] resample 5 AHEst g stATH14]. ©] e
A AT E FoI3] WE Foll LA AW EP s}, dlolE 9
Aolg QAN T A5 Fo4 ARE AN FAlsh=
o] ARSETE AE = 7 EolE 3 AIEE S5H1E st
Vicon HloJE] Aol ¢F 1/35+E A A 3R, Vicon HIOJHE

SAELT A= 39 13 2ok J"elA y5 2
sag_hp 1 A’ (sagittal plane) ¥Z(left) 2 (hip joint)S
Sl =

G dlolele] 75 T 94| 4 Al Far) ESTE @l
Hhlslal, ol A7 SR I o I 19 sittellA
HZo] 37 W7ol EAS ro|=2v} ¥t Bd F4
Aol A FFARI SRS F71 S8l Al =7]-=# o] (Savitzky-

254
sag_hp_|
(deg) 01
—251— - - - . -
0 2 4 6 8 10
time (s)
204
sag_hp_|
(deg) 4]
0 2 4 6 8 10
time (s)
—— VICON —— MCGAS —— MCGAS (smoothed)

T8 2. 9% 13-l A7 AA ] dolE W&t A
Vicon A}, 8} MCGAS A 3}).

Fig. 2. Data smoothing results of the estimated left hip joint angle
trajectory (Top: Vicon results, Bottom: MCGAS results).
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Fig. 3. Final synchronization results of lower limb joint angles for
the left and right hip and knee joints (Black line: Vicon
results, Red line: MCGAS results).
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Fig. 4. Concept of generating the recent sequence of estimated
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Fig. 5. LSTM model for correcting errors in estimated joint angles.
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Table 2. Comparison of Mean Absolute Errors (MAEs) of
estimated joint angles by model (w/ Attr.: with attribute

input, wo/ Attr.: without attribute input).

Joint Orginal  Polynomial ~LSTM LSTM
Data Regression  wo/ Attr. w/ Attr.
5.6087 2.2492 2.2584
left hip 6.1952
(-9.46%)  (-63.69%) (-63.54%)
eft knee 4.9505 5.1442 3.1262 2.8517
(-3.91%) (-36.85%) (-42.39%)
.348 2.436. 2.3612
right hip 5.9518 3.3487 363 36
(-10.13%)  (-59.06%) (-60.32%)
5.2618 3.0362 2.8276
ight kn 5.7227
right knee (-8.05%)  (-46.94%) (-50.58%)
5.3409 2.7120 2.5747
avg. 5.7050
(-6.38%)  (-52.46%) (-54.86%)
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