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Results

Abstract Proposed Method

>  Surface electromyography (SEMG) recordings can be influenced by Table 1. Overall performance of HP, TS, FCN, and SDEMG.

electrocardiogram (ECG) signals when the muscle being X1 Xoit X, X, SNR;mp (dB) RMSE RMSEagry RMSEur (Hz)
monitored is close to the heart
HP 13.885 1.735e-2  3.06e-3 17.688
m "‘"'"""%‘”"‘ —"‘%_ TS 14.279 1.626e-2  3.86e-3 23.149
FCN 17.758 1.178e-2 3.86e-3 18.038
Sampling Process —— pg(X¢|X¢41, X) SDEMG(Ours) 18.467 1.138e-2 2.81e-3 14.435

' » Compared with high-pass filter (HP) , template subtraction (TS),
and fully convolutional network (FCN)

» SDEMG outperforms all other methods in every metric
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q(xeeq1]|xe) Diffusion Process

» Signal enhancement methods based on neural network (NN)
have achieved extraordinary results in improving signal quality,
few studies have explored the feasibility of neural network for

ECG contamination removal in SEMG

» Denoise result evaluated by SNR; |
» The figure above concludes our method to incorporate diffusion

model to sEMG denoising

» Noisy (Contaminated) signal is used as condition to avoid signal 24
distortion and generate high quality signal

» Distortion can be observed in the denoise result or previous
methods such as high-pass filter (HP) , template subtraction (TS),

18
» The algorithms below show the training and sampling process of ¢ ~¢

and fully convolutional network (FCN) @ ——
SDEMG ;5. 3
Score-based diffusion models are a category of deep generative nz? |
models that generates high quality and high fidelity samples Algorithm 1 Training “ g -
1: repeat ¢ HP TS
This study proposed SDEMG, a score-based diffusion model, to 2:  x0,% ~ q(x0, ) # FCN @ SDEMG(Ours)
reconstruct high-quality and high-fidelity sEMG samples from 3: t ~Uniform({1,...,T}) 0
: : , - ' 0 2 -4 -6 -8 -10 -12 -14
ECG-interfered sEMG signals 4: a ~ Uniform(yi—1,7)
5. e ~ N(0,1) Noisy sEMG SNR (dB)
6: Take gradient descent step on
— — o~ =\]12
Volle — es(Vazo + V1 — ae, z,a)| > SDEMG remains the preferred method under the specific

condition simulating trunk sEMG with ECG contamination (i.e.

7: until Converged e -
SNR,, =-10 dB with biceps brachii SEMG from channel 11.)

Model Architecture Algorithm 2 Sampling

1: xr ~ N(0,1I) & HP % TS 4 FCN ® SDEMG(Ours)
X, 7 2. fort=1T,...,1do
) \L 3 2z~ N(0,I)ifz > lelse z=0 (a) (b)
. 9x1Conv | 9x1Conv 5: end for /
! & 6: return x

SNRimp(dB)
.
-

relsS o F I\/I L e P
Channels 9 to 12, 01 Ofe E el By
Test Exercise 2, 4 Subjects | -14 - 0 with a step of 2 I S i gl

10 subjecte Cenldh s o

| . N
- 5 »
S | : 12
| — .8 r : 8 10 12 8 -10 -12
\ 2 Noisy sSEMG SNR (dB) Noisy SEMG SNR (dB)
N v ) | v Dataset (€) (d)
¥ — % z 0008 25
‘ vL | ¢ » The 12-channel clean sEMG data of the NINAPro database were E 0.006 - - - E 4
S i =2 measured by electrodes on the upper arm. This work uses data - 55 20
D\ S Y aehayh/ . 2 0.005 $ $——* ag
) in DB2, including SEMG from 40 subjects > ' 27 e .- .
! | l 0.003 10
| N - ; MOVEMENT MOVEMENT ROBOTIC -8 -10 -12 8 210 12
\ ) > REPLICATION CLASSIFICATION PROSTHESIS
| Q { CONTROL Noisy sSEMG SNR (dB) Noisy sSEMG SNR (dB)
J 9x1Conv
60 ° e
Evaluation Metric
K FTTTT T TTTTTTTmmmmmmmmmmmmmmmmmmmmmmATs ! » SNR;,,, RMSE, and RMSE of two sEMG features, average rectified value
: 31 Cony [ X ; FTrT—— | (ARV) and mean frequency (MF)
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