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A Recurrent Neural Network for 3D Joint Angle Estimation based on
Six-axis IMUs but without a Magnetometer
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Inertial measurement unit (IMU)-based 3D joint angle estimation have a wide range of important applications, among them,
in gait analysis and exoskeleton robot control. Conventionally, the joint angle was determined via the estimation of 3D
orientation of each body segment using 9-axis IMUs including 3-axis magnetometers. However, a magnetometer is limited
by magnetic disturbance in the vicinity of the sensor, which highly affects the accuracy of the joint angle. Accordingly, this
study aims to estimate the joint angle using the 6-axis IMU signals composed of a 3-axis accelerometer and a 3-axis
gyroscope without a magnetometer. This paper proposes a recurrent neural network (RNN) model, which indirectly utilizes
the joint kinematic constraint and thus estimates joint angles based on 6-axis IMUs without using a magnetometer signal.
The performance of the proposed model was validated for a mechanical joint and human elbow joint, under magnetically
disturbed environments. Experimental results showed that the proposed RNN approach outperformed the conventional
approach based on a Kalman filter (KF), i.e., RNN 3.48° vs. KF 10.01° for the mechanical joint and RNN 7.39° vs. KF

21.27° for the elbow joint.
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Fig. 1 Structure of the proposed network
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Fig. 2 Experimental setup for (a) mechanical and (b) elbow joint
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Fig. 3 Training and validation data for human elbow joint tests
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Fig. 4 Training procedure (CAL: calibration, OMC: optical motion
capture)
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Table 1 Averaged RMSE of joint angle estimation for mechanical
joint data (unit: deg)

Test (Trial) Method 1 Method 2 Proposed
Normal (1) 10.31 9.30 2.97
Normal (2) 4.46 7.55 3.50
Normal (3) 11.75 7.51 3.24
Normal (4) 4.60 9.55 4.80
Fast (1) 15.02 9.66 3.47
Fast (2) 14.02 10.06 3.45
Fast (3) 7.57 9.69 3.37
Fast (4) 12.38 11.30 3.05
Average 10.01 9.32 3.48

Table 2 Averaged RMSE of joint angle estimation for elbow joint
data (unit: deg)

Test Method 1 Method 2 Proposed
Test 1-1 10.98 20.61 8.93
Test 1-2 32.38 24.94 11.08
Test 2-1 46.25 8.42 3.72
Test 2-2 41.49 15.13 3.98
Test 3-1 3.04 15.97 8.17
Test 3-2 3.82 21.46 6.61
Test 4-1 2.61 3.77 6.05
Test 4-2 2.38 34.46 6.72
Test 5-1 6.34 10.34 8.87
Test 5-2 22.12 37.21 9.29
Test 6-1 44.43 9.22 4.87
Test 6-2 39.40 16.84 10.41
Average 21.27 18.20 7.39

Table 3 Comparison of averaged RMSE and standard deviation
according to the model

Model 1
(Proposed) Model 2 Model 3
Mechanical 3.48 (0.57) 8.86 (6.60) 9.13 (7.24)
Elbow 7.39 (2.45) 9.26 (7.41) 7.93 (5.88)

WA dlolE 5 skl izt =4 An Tz, 27| uwte]
719 e 4 W A v, 2o 2ed Ad vl
2 Uehdiet.

71Al B4 lolE o] A9, tf R AutollA] AlgtE A
o] /5ol g F el BlsiA SAlEkH. §3] A&2H
o) A% HolEOIHE 24 RMSEZl 4 olulz LRt o
Hojl Method 13} 2= H RMSE7]— Z¥zF 12.73°2} 9.11°2 =
L 9] A7} HASE AL &It o] & Fast] Trial
1o] Tt Aol Al Method l% AlZFe] Hgge] wheba] et
oF 20714 A& 082 ZIlel=s 58 o1, Method 2=

F

y;

\1 il

Ap7)agto] o= A7to| A LA} Stk A
AbH ot A o 24 2AE HAAARE, ARE
o2 70 Aoy Ap7|aeke] b= Fgh
Holoh

TR ;Ao Aol A= Ajhdgo] 714wl Axl
HgjA & 20 @AE Bt o=, 7|4 B4 HolH oA+,
Ao ol W RMSEZ; 3.48°¢1 whd, T2 oA
7392 oF 4° 71F =2 A5 Kl I"oE 7]E HhHel
Method 13} 20 H|siA] B2 < .ol F
Test 1 2«] 49, Fig. 59| dale} $A}514 Method 13} 2= 7+
FoAe} A7jngko 2 Q1% et WAYsH= Hidol A

2 A5os FAE= gl ERIF

B
13]0]

A
i
R

52
5

r
> ok

-

l

|

%‘ﬂo“ﬁ%
3.2 n&

Method 19] 7-9-, 7} £49] gdo] ZH& e 4139] AEvks
ol =HE7] ujEo] o2z *Ji ol AlA 2t 2
2 oA} Ao vl F{ofsirt. 1R Qlste], ARlof Afoj2 AN
Az oA vlololA QA= A|ASISAE & 59 #F
L2Ap7F sk A SRIe 4= Qlqich. ok, A5 ATfof A=
Method 10] 9-4=3F AJ5& B ol=t, A= Test 33} 4] A}
4] Method 12] RMSEZ} B4t 2.96°2 2F& 4239 9215 X4
ok ol AlA AT W @2k AR G A W] ASkSS
UepdHTt 71 AAAIA] el digh A AjTte] Z42F 18022
90zxth= AE st , AlA AlS W @A} o] 2h2

|
Brole 28 B2 Aes el 5 & AeR F5HH

m

rl

£

EHTOH HFA} H“JJ sHA =W 2
AR S 2t

Method 2% 3|gF& =%
23lnz g AHE BAT
ol Wilo] Ertmlsirt. o|egt JEFs HASH %’4811 o
A wAYZo] ZdvdEof AelElo] ARE AL, ©
Akt ghEtalE] Aol atHE) &, £ V1A v %“ﬂ
de gt viojol A @2} A AL} shetu|E| ] 2%
of oj&gltt. Ride| AjtE Al vpojoj A @ ;o] A A %i
o] AME 7Hssh, o] FHE L U F712Ql ghetu]E e
AAol asta| ghrh= o] A

Y
65 IMU {58 X833 Aot

Ol

Foll 3leiA 2|27 4A /\Jﬁ—é— AF

oo

o>’ ﬂJ
Mt g
Sy
30

s N
=]
u=t
3
N
5
u
O

- 1‘3

rlr ot

|

ol

o ruZi r.V.'i

o
o

o

WA ), AQbE o] HWZ—*‘ Fretoy, 2Ea ¥
glolgolAs fAIZo] 22 Zle BRIk 714 ¥ 7
o= Model 29} 3 tju] AP O] ¢4 o] 50 o]l Hi,
TE2 WA= 2° o2 YeEhdth Figs. 59 6olA=
Model 29} 3«] 21}7} A7 agto] WAs= Aol 2 S

Tpehe itk £3], Fig. 59| Ao exp7h 50°
o)A} tﬂ—}\Hﬁ]—_— AL 2elsk 4= 9t} o]l AN ATE

e AT AGE W, g 2 el Bl WAY 4



306 / April 2023

M4z

(@ g4
e
8
3
2
82— —
o
B
c
g
=20
(b) 25
Method1 Method2 ——Proposed
20— —
—_ M AAL !
s | M Al ng ) /41“\ * |
‘%15 A “‘Mu‘l .N,"‘ HV"’*M"H L ﬁ Al
1ol A A ANMAAARIAN VYUV 0 Y —
w . i H/‘ | '\l v
5 BARAAN ! —
GAMARAIY A ‘;"'W“W
0 '
(c) 200 | |
= Model1 (Proposed) Model2 ——Model3

Time (s)

Fig. 5

140

2 (Green), and Proposed (Blue), (c) Estimation errors from Model 1 (Blue), Model 2 (Sky blue), and Model 3 (Orange)

Result of Fast (4) in mechanical joint tests: (a) Magnitude of magnetic disturbance, (b) Estimation errors from Method 1 (Red), Method

(@) 810
c
£
2
2
8 5 —
L
g
g
=0
(b) e
Method1 Method2 ——Proposed
=)
s
s
w
(c) 50 | T | | T T |
Model1 (Proposed) Model2 Model3
40 — -
ESO— I B
‘é | A } —
w J Ml \ ", (I 4 A
l 'Y J
10 ‘ '\,",I \ u/ﬁ / \ '“{é“ /
. ~L‘_ M M ah /“_:WA.;A\ AA a0 l"z"”" I‘ "'b "“ “Y ) W J
0 10 20 30 40 50 60

Time (s)

Fig. 6 Result of Test 1-2 in elbow joint test: (a) Magnitude of magnetic disturbance, (b) Estimation errors from Method 1 (Red), Method 2
(Green), and Proposed (Blue), (c) Estimation errors from Model 1 (Blue), Model 2 (Sky blue), and Model 3 (Orange)

o]o o
Y ==

LR B

oo =

e R

= A=

UrEbdTh ot g ] o) glolE oA = A7] et
FOAA] = FEIA 252 Model 29} 30] A|QHe Ko
eIkl Il F &

AL 6% IMU 4159} $2) e S ol wgs £
SRromu el 7)ot TE2AS AR Mgt
SR, Al(3)9) T4 AL Bdo] ol o] T T

~~

iy

We A7) metoleks A WO Q4% 2 el Aok olekz 7bgel ZNEs] whiel, AI| Aol SEH A8
YL AR AEE AGSA T 34 BHZ 2 7] ofch AN wAL B4 B g A4 1Y B

o] 7Hsahehs ol elnl7t gieka & 4

3
e A3t k), 2ol ABI gL dxdow FAEe 9]



April 2023 / 307

el AT FAA EAA g, ol ol
o8 £ RamRy BEFHOR And AEEL A
oo, %L%Z‘JJOI 3ESA 4R 44 SO0 A

MPASHE $ 2G| AEE skt %, AHel Aee T
Sago] A5 E|A) 9] white] 24 Aol AHE 4 glrks
ARG Ak o, 2 ATe] Bae A7 glo] 6%
IMU 415718 A185}0] 33¢) Ba7te SAsls 2deo] 17
PH5e SIS §I8 A0, AT AnkE B9 Aok 2
o] FH AN FIHE Bodrks 2 SRIsteirt

EEE]'—‘:
QF 2] 21}7} 7] l wu ﬁJ—]r(J;'
e ﬁﬁ(ﬁ% 7.39°)001 4 =LA A 4]
of 7]Q1gt &z B w2 ?:;‘J%E} 3k 4= Stk o,
2 ?Hoﬂﬁh Alrgel MAAS dAZHA 3
A gt F5o] o]HHTt. ol whEba] =3 At
o] et MRS o R o AES 59
e FS st gt

g
r°*'
RS
flo

o R
BN

)
FE
oBL‘
offt

ACKNOWLEDGEMENT

o] =EL 2018dE HH(EH)S] AUO R FATAE
7] 2 A4 (No. 2018RIDIA1B07042791)2] A ¢S who} 4
S =
o -

REFERENCES

1. EIl-Gohary, M., Pearson, S., McNames, J., Mancini, M., Horak,
F., Mellone, S., Chiari, L., (2014), Continuous monitoring of
turning in patients with movement disability, Sensors, 14(1), 356-

10.

11.

12.

13.

14.

15.

369.

Diaz, S., Stephenson, J. B., Labrador, M. A., (2019), Use of
wearable sensor technology in gait, balance, and range of motion
analysis, Applied Sciences, 10(1), 234.

Lee, M., Park, S., (2020), Estimation of three-dimensional lower
limb kinetics data during walking using machine learning from a
single IMU attached to the sacrum, Sensors, 20(21), 6277.

Lee, T., Kim, 1., Lee, S.-H., (2021), Estimation of the continuous
walking angle of knee and ankle (Talocrural joint, subtalar joint)
of a lower-limb exoskeleton robot using a neural network,
Sensors, 21(8), 2807.

Lee, B. J., Kim, G T., Kim, H. C., Shin, Y. J., (2019), Static and
dynamic friction characteristics analysis of actuation module for
friction compensation of exoskeleton robot, Journal of the
Korean Society for Precision Engineering, 36(10), 929-935.

Seel, T., Raisch, J., Schauer, T., (2014), IMU-based joint angle
measurement for gait analysis, Sensors, 14(4), 6891-6909.

Miiller, M.-A., Schaver, T., Seel, T., (2016),
Alignment-free, self-calibrating elbow angles measurement using
inertial sensors, IEEE Journal of Biomedical and Health

Informatics, 21(2), 312-319.

P, Bégin,

Laidig, D., Lehmann, D., Bégin, M.-A., Seel,
Magnetometer-free

T, (2019),

realtime inertial motion tracking by
exploitation of kinematic constraints in 2-dof joints, Proceedings
of the 2019 Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC), 1233-

1238.

Lee, J. K., Jeon, T. H., (2019), Magnetic condition-independent
3D joint angle estimation using inertial sensors and kinematic
constraints, Sensors, 19(24), 5522.

Weygers, 1., Kok, M., De Vroey, H., Verbeerst, T., Versteyhe, M.,
Hallez, H., Claeys, K., (2020), Drift-free inertial sensor-based
joint kinematics for long-term arbitrary movements, IEEE

Sensors Journal, 20(14), 7969-7979.

Fasel, B., Sporri, J., Schiitz, P, Lorenzetti, S., Aminian, K.,
(2017), Validation of functional calibration and strap-down joint
drift correction for computing 3D joint angles of knee, hip, and
trunk in alpine skiing, PloS One, 12(7), e0181446.

Lee, C. J. and Lee, J. K., (2020), Drift reduction in IMU-based
joint angle estimation for dynamic motion-involved sports
applications, Journal of the Korean Society for Precision
Engineering, 37(7), 539-546.

Kuang, J., Niu, X., Chen, X., (2018), Robust pedestrian dead
reckoning based on MEMS-IMU for smartphones,
18(5), 1391.

Sensors,

McGrath, T., Stirling, L., (2020), Body-worn IMU human
skeletal pose estimation using a factor graph-based optimization
framework, Sensors, 20(23), 6887.

Lee, C. J., Lee, J. K., (2022), Wearable IMMU-based relative



308 / April 2023

o

ZHLUSSSX| M40H M4

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

position estimation between body segments via time-varying
segment-to-joint vectors, Sensors, 22(6), 2149.

Sabatini, A. M., (2005), Quaternion-based strap-down integration
method for applications of inertial sensing to gait analysis,
Medical and Biological Engineering and Computing, 43, 94-101.

Lee, J., Lim, J., Lee, J., (2017), Compensated heading angles for
outdoor mobile robots in magnetically disturbed environment,
IEEE Transactions on Industrial Electronics, 65(2), 1408-1419.

Ligorio, G, Sabatini, A. M., (2015), A linear Kalman Filtering-
based approach for 3D orientation estimation from Magnetic/
Inertial sensors, Proceedings of the 2015 IEEE International
Conference on Multisensor Fusion and Integration for Intelligent
Systems (MFI), 77-82.

Lee, J. K., (2019), A parallel attitude-heading Kalman filter
without state-augmentation of model-based  disturbance
components, IEEE Transactions on Instrumentation and
Measurement, 68(7), 2668-2670.

Farahan, S. B., Machado, J. J., de Almeida, F. G, Tavares, J. M.
R., (2022), 9-DOF IMU-based attitude and heading estimation
using an extended kalman filter with bias consideration, Sensors,
22(9), 3416.

Weber, D., Gilhmann, C., Seel, T., (2021), RIANN-A robust
neural network outperforms attitude estimation filters, Ai, 2(3),
444-463.

Hernandez, V., Dadkhah, D., Babakeshizadeh, V., Kuli¢, D.,
(2021), Lower body kinematics estimation from wearable sensors
for walking and running: A deep learning approach, Gait &
Posture, 83, 185-193.

Hossain, M. S. B., Dranetz, J., Choi, H., Guo, Z., (2022),
Deepbbwae-net: A cnn-rnn  based deep superlearner for
estimating lower extremity sagittal plane joint kinematics using
shoe-mounted imu sensors in daily living, IEEE Journal of
Biomedical and Health Informatics, 26(8), 3906-3917.

Sharifi Renani, M., Eustace, A. M., Myers, C. A., Clary, C. W.,,
(2021), The use of synthetic imu signals in the training of deep
learning models significantly improves the accuracy of joint
kinematic predictions, Sensors, 21(17), 5876.

Seel, T., Schauer, T., Raisch, J., (2012), Joint axis and position
estimation from inertial measurement data by exploiting
kinematic  constraints, Proceedings of the 2012 IEEE
International Conference on Control Applications, 45-49.

Lee, J. K., Jeon, T. H., Jung, W. C. (2020), Constraint-
augmented Kalman filter for magnetometer-free 3D joint angle
determination, International Journal of Control, Automation and
Systems, 18(11), 2929-2942.

Chang June Lee

Ph.D. candidate in the Department of Inte-
grated Systems Engineering, Hankyong
National University. His research interests
include IMU-based human motion tracking
and joint torque estimation as well as wear-
able robotics.

E-mail: cjlee@hknu.ac.kr

Woo Jae Kim

B.Sc. in the Department of Mechanical
Engineering, Hankyong National Univer-
sity. His research interests include IMU-
based human motion tracking.

E-mail: kwj2241@hknu.ac.kr

Jung Keun Lee

Professor in the School of ICT, Robotics and
Mechanical Engineering, Hankyong National
University. His research interests include
inertial sensing-based human motion track-
ing, biomechatronics, wearable sensor appli-
cations, and data-driven estimation.

E-mail: jklee@hknu.ac.kr



	A Recurrent Neural Network for 3D Joint Angle Estimation based on Six-axis IMUs but without a Magnetometer
	1. 서론
	2. 방법
	3. 결과 및 고찰
	4. 결론
	REFERENCES


