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Abstract
• We analyze sEMG

signals from the forearm
using low cost data
acquisition device (Myo)

• We show that hand
posture can be
successfully estimated
from sEMG (about
3.5 mm accuracy)

sEMG for Hand Pose Estimation

• Non-invasive surface electromyogram (sEMG) from the forearm
contains useful information for decoding hand kinematics [1, 2]

• sEMG has been used to develop intuitive robotic prosthesis
interfaces either via pattern recognition [3]

• Hand pose estimation solutions have been proposed using
stereo imaging [4], tracking gloves [5], ultrasound [6]

• We propose a low-cost approach to build models that translate
sEMG recordings to hand kinematics

• We use recurrent neural networks (RNNs) with Gaussian
mixture model (GMM) to estimate hand kinematics

Figure 1: Data collection and training architecture

Regression with MDNs

• We use recurrent mixture density networks (RDNs),
composed of long short-term memory (LSTM) with
output layers parametrizing GMM [7, 8]

p(yn|x≤n) = p(yn|x<n,xn) ≈ p(yn|hn−1,xn)

=
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N (yn|µk,Σk)πk,

where µk := µk(hn−1,xn), Σk := Σk(hn−1,xn),
and πk := πk(hn−1,xn) are outputs of the RNN

Data Collection and Training

• sEMG data is collected from the Myo [9] and muscle activation was estimated by computing mean
absolute deviation (MAD) on a moving window: xMAD(n) =

1
L

∑n
k=n−L+1 |x(k)−m(k)|

• Hand pose data were collected from the Leap motion and resampled to 200 Hz with the joint
coordinates transformed to be relative with respect to the hand itself

• The 3D joint data (22 joints) were compressed with principal component analysis (PCA)

Figure 2: Data collection user interface Figure 3: Example of experimental data: Power Grasp

Performance and Discussion
• 7 subjects were asked to perform the experiment with basic hand postures: flexion for each finger,

resting state, and spherical power grasp

• 40 trials per hand posture were collected for each user (3 seconds plus 3 seconds for resting)

• Users were asked to perform the gesture starting from resting position

• Probabilistic RMDN outperforms deterministic RNN; root mean-square-error (RMSE) of 3.5 mm vs.
11.6 mm except thumb joints.

(a) Predicted & true pose with sEMG: Pinkie flexion (b) RMSE of joint distances across all gestures

(c) RMSE of joint angles across all gestures (d) RMSE of joint distances for thumb flexion

Figure 4: Performance of deterministic and MDN networks

Summary
• Our study shows successful reconstruction of

finger movement from low-cost sEMG recordings

• RMDNs are shown to be powerful time-series
models that can capture the hand kinematic
variability

• We achieved RMSE of 3.5 mm except thumb
joints, which was three-fold better than
deterministic RNN

References

[1] M. Yoshikawa, M. Mikawa, and K. Tanaka, “Hand pose estimation using EMG signals,”
in 2007 29th Annual International Conference of the IEEE Engineering in Medicine and
Biology Society, Aug 2007, pp. 4830–4833.

[2] J. G. Ngeo, T. Tamei, and T. Shibata, “Continuous and simultaneous estimation of
finger kinematics using inputs from an EMG-to-muscle activation model,” Journal of
NeuroEngineering and Rehabilitation, vol. 11, no. 1, p. 122, Aug 2014. [Online].
Available: https://doi.org/10.1186/1743-0003-11-122

[3] A. H. Al-Timemy, R. N. Khushaba, G. Bugmann, and J. Escudero, “Improving the
performance against force variation of EMG controlled multifunctional upper-limb
prostheses for transradial amputees,” IEEE Trans. Neural Syst. Rehabil. Eng., vol. 24,
no. 6, pp. 650–661, 2016.

[4] H.-S. Kim, G. Kurillo, and R. Bajcsy, “Hand tracking and motion detection from the
sequence of stereo color image frames,” in 2008 IEEE International Conference on
Industrial Technology, April 2008, pp. 1–6.

[5] J. H. Kim, N. D. Thang, and T. S. Kim, “3-D hand motion tracking and gesture
recognition using a data glove,” in 2009 IEEE International Symposium on Industrial
Electronics, July 2009, pp. 1013–1018.

[6] N. Hettiarachchi, Z. Ju, and H. Liu, “A new wearable ultrasound muscle activity
sensing system for dexterous prosthetic control,” in 2015 IEEE International Conference
on Systems, Man, and Cybernetics, Oct 2015, pp. 1415–1420.

[7] A. Graves, “Generating sequences with recurrent neural networks,” CoRR, vol.
abs/1308.0850, 2013. [Online]. Available: http://arxiv.org/abs/1308.0850

[8] C. M. Bishop, “Mixture density networks,” Tech. Rep., 1994.

[9] S. Rawat, S. Vats, and P. Kumar, “Evaluating and exploring the Myo armband,” in
2016 International Conference System Modeling Advancement in Research Trends
(SMART), Nov 2016, pp. 115–120.

BHI2018 Paper-MoPO.35 koike@merl.com

https://doi.org/10.1186/1743-0003-11-122
http://arxiv.org/abs/1308.0850

