
1 
Dinashi et al.: Compression of EMG Signals Using Deep Convolutional Autoencoders 

  
Abstract—Efficient storage and transmission of 

electromyogram (EMG) data are important for emerging 
applications such as telemedicine and big data, as a vital 
tool for further advancement of the field. However, due to 
limitations in internet speed and hardware resources, 
transmission and storage of EMG data are challenging. As 
a solution, this work proposes a new method for EMG data 
compression using deep convolutional autoencoders 
(CAE).   

Eight-channel EMG data from 10 subjects, and 
high-density EMG data from 18 subjects, were investigated 
for compression. The CAE architecture was designed to 
extract an abstract data representation that is heavily 
compressed, but from which the salient information for 
classification can be effectively reconstructed.    

The proposed method attained efficient compression; for 
CR=1600, the average PRDN (percentage RMS difference 
normalized) was 31.5% and the wrist motions classification 
accuracy (CA) reduced roughly 5%. The CAE substantially 
outperformed the state-of-the-art high-efficiency video 
coding and a well-known wavelet-thresholding 
compression technique. Moreover, by reducing the bit-
resolution of the CAE’s compressed data from 24 bits to 6 
bits, an additional 4-fold compression was achieved 
without significant degradation of the reconstruction 
performance. Furthermore, the CAE’s inter-subject 
performance was promising; e.g. for CR=1600, the PRDN 
for the inter-subject case was only 2.6% less than that of 
the within-subject performance.  

The powerful EMG compression performance with 
remarkable reconstruction results reflects the CAEs 
potential as an automatic end-to-end approach with the 
ability to learn the complete encoding and decoding 
process. Furthermore, the excellent inter-subject 
performance demonstrates the generalizability and 
usability of the proposed approach. 

 
Index Terms— big data, compression, convolutional 

autoencoder, deep learning, EMG.  

I. Introduction 
HE electromyogram (EMG) signal is a measure of the 
electrical activity of muscles. Acquisition of EMG signals 

is common in human motor control research, clinical practice 
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such as in neurology, orthopedics, and physiatry, and also in 
myoelectric control of prostheses, robots and human-computer 
interfaces (HCI). With a dramatic reduction of the size of 
electrode sensors and instrumentation, it has become common 
to see the use of high-density EMG recordings with 128 
channels (or higher) with a sampling rate of no less than 1kHz 
(usually at least 3kHz), where each sample is digitized with 12, 
16 or 24 bits. As an example, for a 128 channel, 2kHz sampling 
rate, and 16-bit recording, the bandwidth required to transmit 
these data (uncompressed) for a real-time control application 
will be greater than 4 Mbps. If these data are to be transmitted 
using existing wireless communication protocols, it exceeds the 
state-of-the-art (Bluetooth 5.0, with a maximum theoretical 
bandwidth of 2 Mbps). 
This challenge is more prominent in emerging data-driven 
applications. For example, telehealth which enables clinicians 
to monitor patients from a distance, using remotely collected 
data such as EMG to diagnose or treat them via 
telecommunications platforms, deals with enormous amount of 
data. Cloud-based healthcare data storage which makes 
patients’ healthcare data including EMG accessible wherever 
they refer to a healthcare provider, requires handling big data. 
Consumer applications such as Facebook’s project on HCI with 
wrist EMG signals [1], will involve massive volumes of EMG 
data. Moreover, EMG cloud computing which is especially 
useful for training deep learning-based myoelectric control 
models on a remote powerful computer (e.g. Google-Colab) 
requires transferring large amounts of training EMG data 
through internet. In these applications, it would be important to 
compress EMG data by reducing possible redundancies or less 
relevant information within the data. 
In both academia and industry, the generation and accumulation 
of large public datasets are highly desirable for use as 
benchmarks from which to progress analytical methods and 
build larger and more effective machine learning models. Such 
big data approaches have played a major role in the 
advancement of fields such as gait [2], computer vision [3], and 
speech recognition [3]. However, there has been a lack of public 
EMG databases until recently that a number of public datasets 
have been made available. For example, NinaPro [4] database 
was created with the goal of facilitating research on myoelectric 
control of robotic prosthetic hands and human-computer 
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interaction (HCI). It comprises ten datasets from ten different 
studies with able-bodied or amputee subjects, where the EMG 
data were collected from the subjects’ forearms while 
performing various wrist and hand movements. Another 
example is the CapgMyo [5] database, which contains data 
from one study on EMG-based gesture recognition with 23 
intact subjects, wherein high-density EMG signals were 
collected from the subjects’  forearms while eliciting different 
hand gestures. One of the challenges in establishing EMG 
databases is attributed to the large size of data, due to high 
sampling rates (typically 1 or 2 KHz), multiple EMG 
electrodes, and many subjects. For example, in the second, 
third, and fourth NinaPro datasets, each subject’s data size are 
roughly 450 MB, 400 MB, and 300 MB, respectively. To 
facilitate the storage and transmission of large volumes of EMG 
data for their widespread dissemination, to reduce the burden 
on existing IT infrastructure, and to overcome limitations in 
internet speed and hardware resources, some form of data 
compression is often warranted or even necessary.      
Depending on the application, this compression may be lossless 
or lossy. With lossless techniques, the exact original data can be 
reconstructed, but the compression is not efficient. Lossless 
compression is mainly used in applications where no loss of 
data can be tolerated. Run Length encoding [6], Huffman 
coding [7], and Lempel-Ziv-Welch (LZW) [8] are three 
examples of lossless compression. With Lossy methods, 
however, significant compression can be achieved, at the 
expense of losing some information in the data. 
Previous studies on EMG data compression have applied 
widely used transform-based lossy compression techniques 
including discrete wavelet transform (DWT) coding with 
optimized basis function [9, 10], embedded zero-trees of DWT 
coefficients [11, 12], vector quantization of the discrete cosine 
transform (DCT) and DWT coefficients [13, 14], dynamic bit 
allocation of the DWT coefficients [15, 16], the 
multidimensional multiscale parser algorithm [17], a codebook 
linear prediction [18], the JPEG2000 and H.264/AVC-intra 
transforms [19], compressed sensing [20], the SPIHT and 
arithmetic coding [14], entropy coding [16], and video codec 
algorithm [21].          
In contrast to the previous studies described above, this work 
proposes a fundamentally different strategy by applying a deep 
learning approach for EMG compression. Deep learning 
frameworks, especially convolutional neural networks (CNNs), 
have been shown to perform well in the EMG-based estimation 
of limb movements [22-24] because of their ability to learn 
features from raw EMG data, eliminating the need for feature 
engineering. CNNs leverage convolutional layers which are 
highly effective for series data, images, and videos. They can 
learn nonlinear transformations by using a nonlinear activation 
function and multiple layers, and do so more efficiently than 
through one complex transformation as in other methods. This 
motivated the consideration of a class of CNNs, i.e. deep 
convolutional autoencoders (CAEs), for EMG compression as 
an alternative to conventional transform-based compression 
techniques. Another inspiring factor was CAEs promising 
performance in other fields for dimensionality reduction [25] 
such as in compressing electrocardiogram (ECG) signals [26]. 
This work proposes a novel application of CAEs for EMG 
compression, where a CAE is used to automatically learn a low-

er-dimensional representation of the raw EMG data, preserving 
relevant information while reducing storage and transmission 
bandwidth requirements. 

II. METHODS 

A. Datasets 
Two datasets were investigated for compression. The first 
dataset (here labelled EMG-8) was collected in our previous 
study [27], as briefly described in this section. The second 
dataset (here labelled EMG-128) was a subset (CapgMyo-DB-
a) of the CapgMyo dataset [5].  
In the EMG-8 dataset, ten able-bodied subjects (ages: 31.4 ± 
4.1 years, one lefthanded, nine right-handed) participated in this 
experiment. Subjects signed informed consent forms as 
approved by the ethics board of Shahid Beheshti University of 
Medical Sciences (No: IR.SBMU.MSP.REC.1396.101, year: 
2017). Eight pairs of surface electrodes (g.HiAmp, g-tec Inc.) 
were attached around the dominant forearm proximal to the 
elbow to record eight bipolar EMG channels. A reference 
electrode was placed on the opposite wrist’s ulnar styloid. The 
EMG data were recorded at 1.2 KHz, with 24-bit resolution, 
filtered between 5-500 Hz, and notch filtered at 50 Hz using 
Butterworth filters.  
The subjects elicited eight dynamic wrist contractions including 
flexion, extension, pronation, supination, and their 
simultaneous combinations: extension and pronation, flexion 
and pronation, extension and supination, flexion and 
supination. The experiment comprised a no motion trial, as well 
as eight dynamic trials, corresponding to the eight motions 
listed above.          
The no motion trial was 30s in duration and involved 
maintaining a relaxed posture. Each trial lasted 48s and 
involved performing the trial-specific wrist motion 
dynamically, with intensity proportional to a progress bar 
presented on a computer screen. Each trial included four 
repetitions of the following cycle: no motion (3s), ramping up 
to the full-range (a subjective comfortable intensity) contraction 
(3s), maintaining the full range (3s), and ramping down to no 
motion (3s). In case of combined motions trials, the users were 
prompted to regulate both DoFs simultaneously and 
proportionally to the same progress bar.  
The EMG-128 dataset comprises 128-channel high-density 
(HD) EMG data from 18 subjects eliciting 8 hand gestures. 
Surface EMG signals were collected from 18 able-bodied 
subjects (age:23-26 years) using a wearable device wrapped 
around the right forearm, consisting of 8 acquisition modules, 
where each module contained a 2×8 electrode array, with an 
inter-electrode horizontal distance of 7.5 mm and a vertical 
distance of 10.05 mm. The 8 modules formed an electrode array 
of 16×8, i.e. 128 channels in total. The EMG signals were 
recorded at 1 KHz with 16-bit resolution, and were bandpass 
filtered between 20-380 Hz. The subjects sat in a chair with 
their arms rested on a desktop. Each subject elicited 10 
repetitions of 8 isometric and isotonic hand gestures; equivalent 
to gestures 13-20 in the NinaPro dataset [28]. The subjects 
mimicked hand gestures displayed on a screen with their right 
hand. More details can be found in [5].      
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(a) 

 
(b) 

Fig 1. The CAE architectures for (a) CR=1600 and (b) CR= 16, 32, 100, 200, where the pooling and unpooling layers shown with * are only used 
for CR=100, 200. The code size is 5×5×4, 5×5×2, 2×2×4, 2×2×2, for CR= 16, 32, 100, 200, respectively. 

 
 

B. EMG Compression with the Proposed CAE 
An autoencoder is a neural network that is trained to output a 
copy of its input [25]. The network has a hidden layer that 
describes a representation of the input data which is called the 
code. Hence, the network can be viewed as comprising two 
parts: an encoder and a decoder. If the code is constrained to 
have a smaller dimension than the input data, it will contain 
useful features for data reconstruction. This allows 
autoencoders to be applied for feature learning and 
dimensionality reduction tasks [25]. In convolutional 
autoencoders (CAEs), instead of fully-connected layers, 
convolutional layers are used that reduce computational 
complexity, hence allowing for deeper structures. In CAEs, the 
encoder contains convolutional and pooling layers to compress 
the data, whereas the decoder expands the data dimensionality 
through transposed convolutional layers and un-pooling layers. 
The compressed data are then given as the representation with 
the lowest dimensionality obtained by extracting the data at the 
bottleneck of the CAE.  
With the EMG-8 dataset, EMG data were segmented for 
training into 167 ms (200 samples) windows with increments of 
40 ms (48 samples). For testing, however, non-overlapping 
windows (increment=200 samples) were used. Five 
compression ratios (CR) of 16, 32, 100, 200, and 1600 were 
investigated. The CAE architecture was designed according to 
the desired CR as depicted in Fig 1. The optimal architectures 
were found empirically by choosing the number of 
convolutional layers, the number of pooling layers (which 
determines the first two dimensions of the size of the code) and 
the number of filters in the last convolutional layer in the 
encoder part (which determines the third dimension of the size 
of the code). Each 8-channel EMG segment was arranged as a 
40×40 matrix to be used as both the input and target of the CAE. 
For each subject, a CAE was trained and tested with data from 
the same subject using a 4-fold cross-validation, where 75% of 

the data were employed for training and the remaining 25% for 
testing.  
All filters in the convolutional and transposed convolutional 
layers were 3×3, and the input matrices were zero-padded 
before convolution. Pooling was performed on 2×2 areas with 
a stride of 2. A mini-batch size of 128 was used. The adaptive 
moment estimation (Adam) algorithm, with 20 epochs, and an 
initial learning rate of 0.001, was used for training the network. 
During training, a randomly sampled 10% of the data were used 
to validate the network, once per epoch. 
The encoder part of the proposed CAE architecture is similar to 
well-known CNN structures such as AlexNet. The number of 
convolutional layers, filters, and training parameters were 
determined empirically to achieve the best performance. For 
example, the performance improvement found when increasing 
the number of convolution layers saturated at 4 convolutional 
layers in the encoder.  
Using the EMG-128 dataset, data from 128 channels were 
segmented into non-overlapping windows of 100 ms (100 
samples). Each 128-channel EMG segment were rearranged as 
a 100×128 matrix, to be used as both the input and target of the 
CAE. The CR values used with the EMG-8 dataset were not 
necessarily attainable, due to the input size difference, along 
with the compressed data size being an integer. Consequently, 
CRs close to those used with the EMG-8 dataset were chosen 
for comparison purposes, and included 16, 33, 133, 266, and 
1066. The same CAE structure was used with the EMG-128 
dataset, except that the number of filters in convolutional layers 
were 64 (instead of 32) and as with the EMG-8 dataset, CR was 
regulated by adjusting the number of filters in the last 
convolutional layer, and the number of pooling layers (Table I). 
Note that the listed CR values have been rounded to the nearest 
integer. Analyses were performed with Matlab 2019b on a 3.50 
GHz quad-core computer with 7.5 GB RAM and an NVIDIA 
GTX 1070 GPU. 
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TABLE I.  
THE CAE ARCHITECTURE PARAMETERS FOR EACH CR WITH THE EMG-128 

DATASET 

 Number of pooling 
layers 

Number of filters in 
the last conv layer 

16 3 4 
33 3 2 

133 4 2 
266 5 4 

1066 5 1 
          
To explore the potential to achieve further compression, the bit 
resolution of the compressed data was reduced via quantization 
without changing the trained network. For this purpose, because 
it was observed that, for all subjects, all features in the 
compressed data were in the range [0,3000] for CR=16, 
[0,3500] for CR=32, [0,4000] for CR=100, [0,5500] for 
CR=200, and [0,8500] for CR=1600, this range was divided 
into 2N uniformly spaced quantization levels, where N was the 
new bit-resolution.  
Initially, this compression was computed on a per-subject basis. 
However, to explore the generalizability of the approach, the 
inter-subject performance was also assessed by a leave-one-out 
approach conducted for each subject, where every subject was 
tested with a single CAE trained with aggregated data from the 
other nine subjects. 

C. Comparison to a Wavelet-thresholding Compression 
Technique 
For comparison, a widely used wavelet-thresholding 
compression algorithm [29] was evaluated. With this method, 
data were encoded by applying the wavelet transform and 
setting any wavelet coefficients below a certain threshold to 
zero. Decoding was then performed by applying the inverse 
wavelet transform. A level 3 decomposition using Daubechies3 
wavelet using a global threshold was employed. The optimal 
threshold and other parameters were found empirically. 

D. Comparison to HEVC 

High Efficiency Video Coding (HEVC) [30], known as H.265, 
is the state-of-the-art standard for video encoding and was 
consequently employed for comparison to our proposed 
method. Notably, HEVC has been recently applied to EMG 
compression [21]. A third version of HEVC was finalized in 
2015 and more information can be found at [31]. Here, the 
reference software for HEVC, known as HM (version 16.23), 
was used for simulation. All data were fed into HEVC at once. 
A burst detection approach [21] was applied to prepare the input 
data for HEVC, where each row of the input EMG matrix 
contained one EMG burst. Each trial had 4 repetitions of the 
same movement, where each repetition corresponded to a burst. 
Thus, 8 trials × 8 channels × 4 repetitions corresponded to 256 
rows.  Moreover, 16 rows were added to include the EMG data 
for the no motion trial (two rows for each channel). Therefore, 
the size of the EMG matrix as the input to HEVC was 
272×15000. HEVC accepts only positive values as input, hence 
a bias was added to the input matrix. Since HEVC takes 16-bit 
input data, a quantization preprocessing was conducted to 
reduce the EMG resolution from 24-bit to 16-bit. Consequenlty, 

the total CR was obtained by multiplying the HEVC’s CR by a 
factor of 1.5, to account for this preprocessing. 

E. Performance Metrics 
1) Compression Ratio (CR): the ratio of the size of the 

original data to the size of the compressed data. An 
efficient compression is expected to have high CR.   

 

                      𝐶𝐶𝐶𝐶 =  
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
                        (1) 

 
2) Percentage root mean square difference (PRD): the 

root mean square (RMS) of the reconstruction error, 
divided by the RMS of the original data. For a high-
quality compression, the PRD is expected to be as low 
as possible.   
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𝑖𝑖=0
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         (2) 

 
where 𝑆𝑆𝑜𝑜 represents the original data, 𝑆𝑆𝑟𝑟  represents the 
reconstructed data, and N is the number of data samples.  
 

3) PRD Normalized (PRDN): the RMS of the 
reconstruction error divided by the standard deviation 
of the original data. The PRDN is expected to be as 
low as possible, for a high-quality compression.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(%) = 100 × �
∑ �𝑆𝑆𝑜𝑜(𝑖𝑖) − 𝑆𝑆𝑟𝑟(𝑖𝑖)�2𝑁𝑁−1
𝑖𝑖=0

∑ (𝑆𝑆𝑜𝑜(𝑖𝑖) −𝑀𝑀)2𝑁𝑁−1
𝑖𝑖=0

�

1
2

       (3) 

where M is mean of the original data. In this study, 
PRD=PRDN, because the DC offset of the EMG signals were 
removed (M=0).   

4) Signal to Noise ratio (SNR): the inverse of PRDN 
stated in decibel (dB). A high SNR is expected for a 
quality compression.  

𝑆𝑆𝑆𝑆𝑆𝑆 = 10 × 𝑙𝑙𝑙𝑙𝑙𝑙 �
∑ (𝑆𝑆𝑜𝑜(𝑖𝑖) −𝑀𝑀)2𝑁𝑁−1
𝑖𝑖=0

∑ �𝑆𝑆𝑜𝑜(𝑖𝑖) − 𝑆𝑆𝑟𝑟(𝑖𝑖)�2𝑁𝑁−1
𝑖𝑖=0

�            (4) 

 
5) Quality Score (QS): the ratio of CR to PRD. An 

efficient compression is expected to have high QS.  

                                    𝑄𝑄𝑄𝑄 =
𝐶𝐶𝐶𝐶
𝑃𝑃𝑃𝑃𝑃𝑃

                                 (5) 
 

6) Classification accuracy (CA): The EMG-based 
classification accuracy of wrist motions using a 
convolutional neural network (CNN) classifier trained 
and tested on the reconstructed data was assessed and 
compared to that of a CNN trained and tested on the 
original data. Nine classes, comprising no motion and 
the eight wrist motions were considered. In the active 
trials (2-9), data were removed when the target was 
lower than 30% of the full-range to exclude no motion 
data. For each subject, a CNN was trained and tested 
on data from the same subject, using a 4-fold cross-
validation, where 75% of the data were considered for 
training and the remaining 25% for testing. The same 
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CNN architecture of our previous work [32] was 
employed. 

 
It must be noted that EMG pattern recognition was used here as 
an example for evaluation of the integrity of the reconstructed 
EMG, because of all practical uses of EMG, pattern recognition 
is one of the most unforgiving of distortion, as evidenced by 
studies in electrode shift, skin conductivity, and limb position 
[33]. Therefore, pattern recognition performance (CA) 
resilience to degradation due to compression, is an excellent 
measure of retaining the essence of the EMG signals in the 
reconstructed data.          

F. Statistics 
The normality of the data was evaluated with a Shapiro-Wilk 
test for each performance metric of each method. In all cases, 

p>0.05 and thus normal distributions were assumed. Paired 
sample t-tests were performed for each metric to compare the 
CAE method with either the wavelet-thresholding technique or 
HEVC. A significance level of 0.05 was considered.      

III. RESULTS 
All results presented here are related to the EMG-8 dataset, 
unless explicitly stated otherwise. For CR=6400 (quantized 
compressed data), the original and reconstructed signals are 
plotted in Fig 2, for a representative subject. All eight channels 
were compressed and reconstructed, simultaneously. One 
channel is plotted larger for clarity. For each subject, for 
CR=6400, the average processing time for the network training 
was 61s, and for testing (encoding + decoding) was 6.8 ms, for 
each window of the 8-channel data.   

 

 

 
Fig 2. For CR=6400, the original and reconstructed signals are plotted for a representative subject. All channels were compressed and 

reconstructed simultaneously. One channel is shown larger for clarity. 
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Table II lists the performance metrics averaged across all 
subjects, along with standard deviation (N=10) for the proposed 
CAE (without quantization) and the wavelet-thresholding 
method for different CRs (note that HEVC will be included in 
quantization-based results in Table V, as it has built-in 
quantization). In all cases, the proposed method significantly 
outperformed (p<0.001) the wavelet-thresholding approach. 
For context, the baseline classification accuracy of the original 
data, before any compression, was 90.5%±1.3.  
Table III presents the performance metrics for applying the 
CAE (without quantization) to a single channel of EMG. For 
each subject, the results were averaged across all eight 
channels. A window size of 213ms (256 samples) was used to 
form 16×16 EMG matrices as the CAE input and target. CR 
values with multi-channel input data were not necessarily 
attainable with single-channel input data, due to different input 
matrix sizes, along with the compressed data size being an 
integer. Consequently, CR values of 16, 32, 128, and 256 were 
explored (note that CR=256 represents compressing each 
window to only one sample). For similar CR values, Table III 
results are comparable to those of multi-channel in Table II (see 
discussion). 

Table IV-A lists the CAE’s PRDN after quantization of the 
compressed data which reduced the bit resolution of the 
compressed data from 24-bit to either 4, 6 or 8-bit. For 
comparison, the impact of direct quantization of EMG data 
alone (without applying CAE or any other compression 
method), have also been included in Table IV-B (see 
Discussion).  
In Table IV-A, the 4-bit quantization of the CAE’s compressed 
data caused degradation (p<0.001) in PRDN, whereas an 8 or 
6-bit quantization did not appreciably (p>0.05) deteriorate 
PRDN. Clearly, the choice of quantization resolution depends 
on the given tolerance for performance degradation. The 6-bit 
quantization (resulting in a 4-fold increase of CR) was selected 
here to attain maximum possible CR without noticeable 
performance reduction. Table V presents the results for 6-bit 
quantization of the compressed data for the CAE, along with 
those for wavelet-thresholding, where the wavelet coefficients 
have been quantized, as well as HEVC performance with 6-bit 
quantization. Fig 3 depicts the CAE results (6-bit quantization) 
for individual subjects.   

 
 

TABLE II 
THE CAE AND WAVELET-THRESHOLDING (WT) METHODS PERFORMANCE METRICS AVERAGED ACROSS ALL SUBJECTS, ALONG WITH STANDARD DEVIATIONS 

(N=10) FOR DIFFERENT CRS. 
 
 

PRDN SNR QS CA (Orig: 90.5 ± 1.3) 
CAE WT CAE WT CAE WT CAE WT 

16 25.7 ± 0.5 39.4 ± 4.1 27.2 ± 0.4 18.7 ± 2.1 0.6 ± 0.01 0.4 ± 0.05 88.4 ± 1.3 65.2 ± 4.0 
32 26.1 ± 0.5 53.3 ± 3.9 26.8 ± 0.4 12.6 ± 1.5 1.2 ± 0.02 0.6 ± 0.05 88.2 ± 1.3 55.9 ± 3.9 

100 29.0 ± 0.5 73.2 ± 3.6 24.7 ± 0.4 6.3 ± 1.0 3.4 ± 0.1 1.4 ± 0.1 87.1 ± 1.3 40.1 ± 3.1 
200 30.8 ± 0.7 82.2 ± 3.3 23.6 ± 0.5 3.9 ± 0.8 6.5 ± 0.2 2.4 ± 0.1 86.7 ± 1.5 32.8 ± 2.5 

1600 31.5 ± 0.4 94.1 ± 2.6 23.1 ± 0.3 1.2 ± 0.6 50.9 ± 0.7 17.0 ± 0.5 85.5 ± 1.2 23.2 ± 1.9 
 
 
 

TABLE III 
THE CAE PERFORMANCE METRICS FOR SINGLE-CHANNEL EMG COMPRESSION AVERAGED ACROSS ALL SUBJECTS, ALONG WITH STANDARD DEVIATIONS 

(N=10) FOR DIFFERENT CRS. 
 PRDN SNR QS 

16 26.3 ± 0.2 26.7 ± 0.2 0.6 ± 0.01 
32 27.1 ± 0.3 26.1 ± 0.2 1.2 ± 0.01 

128 29.5 ± 0.4 24.4 ± 0.2 4.3 ± 0.05 
256 29.6 ± 0.3 24.3 ± 0.2 8.6 ± 0.09 

 
 
 
 

TABLE IV 
THE PRDN AVERAGED ACROSS ALL SUBJECTS, ALONG WITH STANDARD DEVIATIONS (N=10) FOR (A) THE CAE WITH 4, 6, AND 8-BIT COMPRESSED DATA, 

(B) DIRECT QUANTIZATION OF EMG DATA ALONE, USING 4,6, AND 8-BIT WITHOUT APPLYING ANY COMPRESSION METHOD. 
(A)                                                                                                                          (B) 

CR before 
quantization 4-bit 6-bit 8-bit  4-bit 6-bit 8-bit 

16 28.1 ± 0.8 26.6 ± 0.5 26.5 ± 0.5  83.7 ± 11.2 22.2 ± 1.3 5.8 ± 0.2 
32 28.8 ± 0.8 27.2 ± 0.6 27.1 ± 0.6     
100 31.0 ± 0.7 29.8 ± 0.6 29.7 ± 0.6     
200 32.1 ± 0.5 31.1 ± 0.7 31.1 ± 0.6     

1600 32.0 ± 0.4 31.5 ± 0.4 31.5 ± 0.4     
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TABLE V 
THE CAE, WAVELET-THRESHOLDING (WT), AND HEVC WITH 6-BIT COMPRESSED DATA PERFORMANCE METRICS AVERAGED ACROSS ALL SUBJECTS, ALONG 

WITH STANDARD DEVIATIONS (N=10). 
 
 

PRDN SNR 
CAE WT HEVC CAE WT HEVC 

64 26.6 ± 0.5 42.8 ± 2.6 39.8 ± 6.8 26.5 ± 0.4 17.0 ± 1.3 18.7 ± 3.6 
128 27.2 ± 0.6 54.5 ± 3.4 49.4 ± 3.0 26.1 ± 0.4 12.2 ± 1.3 14.2 ± 1.2 
400 29.8 ± 0.6 73.4 ± 3.3 72.0 ± 2.5 24.2 ± 0.4 6.2 ± 0.9 6.6 ± 0.7 
800 31.1 ± 0.7 82.3 ± 3.1 81.3 ± 2.2 23.4 ± 0.4 3.9 ± 0.8 4.2 ± 0.6 
6400 31.5 ± 0.4 94.2 ± 2.3 96.3 ± 0.8 23.1 ± 0.3 1.2 ± 0.5 0.7 ± 0.2 

 
 
 

QS CA (Orig: 90.5 ± 1.3) 
CAE WT HEVC CAE WT HEVC 

64 2.4 ± 0.05 1.5 ± 0.1 1.7 ± 0.3 86.9 ± 1.6 61.3 ± 3.4 61.2 ± 6.1 
128 4.7 ± 0.1 2.4 ± 0.2 2.6 ± 0.2 86.4 ± 1.8 55.5 ± 3.2 49.6 ± 2.7 
400 13.4 ± 0.3 5.5 ± 0.3 5.6 ± 0.2 85.6 ± 1.4 40.1 ± 3.3 40.8 ± 3.4 
800 25.7 ± 0.5 9.7 ± 0.4 9.9 ± 0.3 85.3 ± 1.5 32.9 ± 2.3 41.6 ± 4.5 
6400 203.3 ± 2.7 68.0 ± 1.7 66.4 ± 0.6 85.5 ± 1.9 23.1 ± 1.6 38.9 ± 12.9 

 
 

 
Fig 3. The CAE with 6-bit resolution compressed data performance metrics for individual subjects. Each subject is shown with a point. 

 
 
For the EMG-128 dataset, the performance metrics (averaged 
across all subjects) along with standard deviation (N=18) for 
the CAE, without and with quantization (6-bit) of the 
compressed data, are listed in Tables VI-A and VI-B, 
respectively. As described previously, the CR values are 
different here, due to the different input sizes. The listed CR 
values have been rounded to the nearest integer. Note that the 
EMG-128 dataset resolution was 16-bit, therefore a 6-bit 
quantization of the compressed data increased the CR by a 
factor of 2.67. These findings demonstrate comparable 
performance to that of the EMG-8 dataset.  
Fig 4 shows the PRDN for the inter-subject case (CR=1600), 
where a CAE trained on aggregated data from the other nine 
subjects and was tested on data from the remaining user. For 
comparison, the within-subject PRDN are also plotted, where 
the training and testing data were from the same subject. For 
CR=1600, the within-subject and inter-subject PRDN were 
31.5±0.4 and 34.1±1.6, respectively, and the difference 
between them was significant (p<0.001).   

TABLE VI 
THE EMG-128 DATASET: THE CAE PERFORMANCE METRICS AVERAGED 
ACROSS ALL SUBJECTS, ALONG WITH STANDARD DEVIATIONS (N=18). (A) 

WITHOUT QUANTIZATION, (B) WITH 6-BIT QUANTIZATION OF THE 
COMPRESSED DATA 

(A) 
 PRDN SNR QS 

16 24.0 ± 3.5 28.8 ± 3.2 0.7 ± 0.1 
33 25.4 ± 4.3 27.7 ± 3.7 1.3 ± 0.3 

133 27.1 ± 3.8 26.4 ± 3.4 5.1 ± 1.1 
266 29.9 ± 4.5 24.5 ± 3.8 9.2 ± 2.3 
1066 34.5 ± 6.2 21.7 ± 4.5 32.6 ± 10.1 

(B) 
 PRDN SNR QS 

44 25.5 ± 5.4 27.7 ± 4.2 1.8 ± 0.4 
89 26.7 ± 5.6 26.8 ± 4.3 3.5 ± 0.8 

355 27.8 ± 4.6 26.0 ± 3.8 13.2 ± 3.0 
709 30.0 ± 4.6 24.4 ± 3.8 24.5 ± 6.2 
2837 34.5 ± 6.2 21.7 ± 4.6 86.6 ± 26.9 
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Fig 4. For CR=1600, the PRDN for the inter-subject and within-subject 
are plotted for individual subjects. 
 
Table VII lists the number of learnable parameters (weights and 
biases) in the decoder part of the CAE for each CR. Table VIII 
shows the CA when training a CNN classifier on the original 
data but testing it on the reconstructed data. In this case, the 
results were significantly lower (p<0.001) than when training 
and testing on the reconstructed data alone, as previously shown 
in Table II. Table IX shows the CA, for training and testing a 
CNN classifier on the compressed data itself (for CR=1600, an 
LDA classifier was used as the input size was 1). Again, these 
results were significantly lower (p<0.001) than when using the 
reconstructed data for classification as listed in Table II.  

 
TABLE VII 

THE NUMBER OF LEARNABLE PARAMETERS (WEIGHTS AND BIASES) IN THE 
DECODER PART OF THE CAE FOR EACH CR. 

 Number of weights and 
biases 

16 19969 
32 19393 

100 19969 
200 19393 

1600 28353 
 

TABLE VIII 
CA (%) FOR A CNN CLASSIFIER TRAINED ON THE ORIGINAL DATA AND 

TESTED ON THE RECONSTRUCTED DATA. 
 CA (Orig: 90.5 ± 1.3) 

16 82.8 ± 2.4 
32 81.8 ± 3.0 

100 78.8 ± 3.1 
200 76.8 ± 3.9 

1600 75.0 ± 3.9 
 

TABLE IX 
CA (%) FOR A CNN CLASSIFIER TRAINED AND TESTED ON THE 

COMPRESSED DATA (FOR CR=1600, AN LDA CLASSIFIER WAS USED). 
 CA (Orig: 90.5 ± 1.3) 

16 77.7 ± 1.3 
32 76.9 ± 1.5 

100 71.4 ± 2.2 
200 65.5 ± 3.8 

1600 28.4 ± 2.6 
 

Table X lists the processing time for each method for CR=6400. 
Wavelet-thresholding and HEVC do not require algorithm 
training, therefore only testing times are reported. For 
comparison, test times (total processing time for encoding and 
decoding) were computed for an 8-channel EMG segment of 

167 ms (200 samples), i.e. 1600 samples in total. The CAE 
training time was computed for training a CAE on 
approximately 4000 input matrices of size 8×200.     

 
TABLE X 

THE PROCESSING TIME AVERAGED ACROSS ALL SUBJECTS, ALONG WITH 
STANDARD DEVIATION (N=10) ARE SHOWN FOR CAE, 

WAVELET-THRESHOLDING, AND HEVC, FOR CR=6400. 
 

 CAE WT HEVC 
Train 61 s ± 1.0 s - - 
Test 6.8 ms ± 0.5 ms 3.9 ms ± 0.4 ms 11.3 ms ± 1.0 ms 

 

IV. DISCUSSION 
A deep CAE-based approach was proposed for compressing 
EMG signals, and proved to be highly efficient. For CR=1600 
(without quantization), it achieved a PRDN of 31.5%, and the 
classification accuracy of the wrist motions was reduced by 
only 5.0% when using the reconstructed data, with respect to 
that of the original data. As context, for CR=1600, this means 
that an EMG data file with size 11.6MB would be reduced to 
6.2 KB. These results show that the proposed CAE was able to 
automatically learn the end-to-end process of encoding and 
decoding from the EMG data. During the network training, the 
weights, and hence the associations between feature maps of 
different layers, were learned to minimize the reconstruction 
error. For compression, the model exploits EMG temporal 
redundancy, by learning temporal correlation within EMG 
segments (167 ms). Also, the model uses redundancy between 
different EMG channels, by learning inter-channel correlations 
within EMG matrices. For instance, for CR=1600, each EMG 
segment (8×200=1600 samples) was encoded with a single 
sample, incorporating useful information from all channels. The 
dimensionality reduction is performed by the pooling layers 
which decrease the size of the feature maps and thereby remove 
redundant features learned through the convolutional layers.       
Further compression was achieved by reducing the bit 
resolution, through quantization of the compressed data. It was 
observed that reducing the bit resolution of the compressed data 
to 6-bit, did not significantly deteriorate the performance 
metrics, despite increasing the CR 4-fold, as the EMG data were 
recorded with 24-bit resolution. With quantization, CR=6400 
was achieved while demonstrating PRDN and CA 
performances similar to those of CR=1600 (without 
quantization). The impact of changing bit resolution of EMG 
signals on pattern recognition has previously been investigated 
in [34], where they found that reducing the bit resolution from 
16 to 8, resulted in no degradation of the pattern recognition 
accuracy, which is consistent with our results.    
The CAE architecture was found empirically. The performance 
was found to be robust to modest variations in the network 
structure, e.g. moderate changes in the number of filters in 
convolutional layers did not change the performance 
appreciably. Consequently, it is expected that small changes in 
EMG preprocessing, which may not significantly alter the 
shape of the signal, would not require changing the network 
architecture. Also, EMG data recorded with different systems 
may require slight structural modifications.         

1 2 3 4 5 6 7 8 9 10

Subject ID

28

30

32

34

36

38

40

PR
D

N
(%

)

within-s

inter-s



9 
Dinashi et al.: Compression of EMG Signals Using Deep Convolutional Autoencoders 

Table V shows that with increasing CR 100-fold (from 64 to 
6400), the CAE reconstruction performance degraded relatively 
slightly (PRDN degraded from 26.6% to 31.5%, and SNR 
reduced from 26.5 dB to 23.1 dB), which in turn resulted in only 
subtle reduction of CA from 86.9% to 85.5%. This highlights 
the CAE outstanding performance in larger CRs. Due to 
relatively small change in PRDN with increasing CR 100-fold, 
QS as the ratio of CR to PRDN grew substantially (from 2.4 to 
203.3). The same reasoning applies to the CAE results without 
quantization (Table II) which shows the same trend.    
A comparison between Table II and III indicates comparable 
performance between single-channel and multi-channel EMG 
data. The maximum CR in both cases represent compressing the 
input EMG matrix into only one sample.  The reason for higher 
maximum CR with multi-channel EMG is the larger input size 
(1600 vs. 256). Thus, greater CRs will be possible for 
single-channel EMG, by increasing the EMG segment length. 
Moreover, the HD-EMG results (Table VI) demonstrate 
performance comparable to that of 8-channel EMG, and 
indicate the CAE compatibility with various dimensionality of 
data.  
The proposed approach substantially outperformed HEVC and 
the wavelet-thresholding technique, especially for higher CR, 
where the performance difference between the CAE and other 
two methods increased considerably. In the literature on EMG 
compression, the state-of-the-art HEVC and well-known 
coding techniques such as applying wavelet, DCT, or other 
transforms have been employed for dimensionality reduction 
with mediocre success (CR<50). The powerful compression 
efficacy of the proposed approach, in comparison to 
conventional methods, indicates the superiority of CAEs for 
EMG dimensionality reduction. CAEs have been previously 
employed for ECG compression [26], which attained CR=32.25 
with PRDN=31.2%. Nevertheless, our proposed method shows 
vast improvements for multi-channel EMG, achieving 
CR=6400 with PRDN=31.5%. 
A comparison between Table II and V results showed that for 
the CAE and wavelet-thresholding, a 6-bit quantization of the 
compressed data did not noticeably (p>0.05) degrade the 
performance metrics. However, direct quantization of EMG 
data alone (without applying any compression), presented in 
Table IV-B, showed significant degradation of the PRDN 
(p<0.001) with respect to the original data (PRDN=0). 
Interestingly, for 4-bit quantization of EMG data, the PRDN 
was 83.7 (Table IV-B), whereas for 4-bit quantization of the 
CAE’s compressed data, along with compression, the PRDN 
was substantially superior (between 28.14 and 31.99 for 
different CRs as shown in Table IV-A). Histogram studies 
revealed that the CAE’s compressed data were spread much 
more uniformly across their range, whereas the EMG data were 
mostly concentrated around low amplitudes. Consequently, 
quantization of the CAE’s compressed data was drastically 
more efficient than quantization of EMG data. The results also 
demonstrate the efficacy of quantization of wavelet 
coefficients, as 6-bit quantization did not appreciably (p>0.05) 
change the performance of wavelet-thresholding.      
The prevalence of multiple channels of EMG has likely further 
benefited the CR performance here, because the CAE does not 
compress each channel individually, and instead leverages the 

inter-channel correlations to conduct both spatial and temporal 
compression of the input data matrices.  
The PRDN for the inter-subject case (CR=1600) degraded by 
only 2.6% with respect to that of the within-subject (Fig 4). 
Such a high inter-subject performance is consistent with the 
expectation that, despite the common use of within-subject 
pattern recognition models for myoelectric control, similar 
features are learned across all subjects. Therefore, for all 
subjects, the same network weights can be used for 
compression with high efficiency. This improves the usability 
and generalizability of the proposed approach, enabling the 
application of a pretrained compression model without the need 
for retraining.     
Table VII lists the number of learnable parameters in the 
decoder part of the CAEs. The decoder weights and biases must 
be known for data reconstruction; hence they must be stored or 
transmitted to the receiver, along with the compressed data. 
However, this process is needed only once for a user, and 
consequently, its impact on true CR can be neglected in realistic 
scenarios; e.g. the size of 3 seconds of 8-channel EMG data is 
28800 samples, higher than the number of parameters for the 
largest CAE investigated (Table VII). Moreover, for the 
inter-subject case, no CAE parameters are transmitted to the 
receiver as these parameters are already known, due to the use 
of a pretrained CAE.         
A comparison of the results in Tables II and VIII, indicates that 
classification of the reconstructed data degrades if the classifier 
was trained with the original data. This was expected but 
suggests that there are some meaningful differences between 
the original and reconstructed EMG data. Similarly, a 
comparison of the results in Tables II and IX shows that the 
classification of the data in its compressed state was 
significantly lower than once it is reconstructed. This was 
anticipated as the abstract representation was not learned with 
the goal of minimizing the classification loss.  Nevertheless, 
once reconstructed, it is apparent that the classification-relevant 
information in the EMG is retained. 
The recommended EMG segment length in the literature, for 
pattern recognition, is 100-250ms, to allow the learning of 
informative EMG patterns without noticeable delays. Similarly, 
the CAE needs to learn useful EMG features for compression, 
hence the segment length is recommended to be at least 100ms. 
On the other hand, the segment length must be kept short to 
avoid performance degradation due to limited training samples, 
unless the dataset is very large. Moreover, real-time 
compression applications necessitate short segments. 
Considering these requirements, here we have selected EMG 
segment lengths in the range 100-250 ms.  
The advantage of the proposed method over previous 
compression techniques is achieving significantly higher 
performance especially for larger CRs as listed in Table II and 
V. The disadvantage of this method however, is the time and 
computational cost of training the CAE, and the need for 
sufficient data to train the CAE. As a solution to avoid training, 
a pretrained CAE (with data from previous users) can be 
leveraged (Fig 4).    
The total computer processing time for encoding and decoding 
of each 8-channel EMG segment (167 ms) when CR=6400 was 
only 6.8 ms, similar to that of wavelet-thresholding (3.9ms) and 
HEVC (11.3ms). This fast CAE processing in Matlab suggests 
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the future viability of near real-time applications such as 
myoelectric control via cloud computing and online monitoring 
of EMG or other biomedical data in order to perform diagnosis 
or treatment via telemedicine.  

V. CONCLUSION 
A deep CAE-based approach was proposed for compression of 
EMG signals that substantially improved the compression 
efficacy with respect to previous methods. The CAE can 
automatically learn the encoding and decoding processes from 
raw data, yielding high inter-subject performance, enabling the 
translation of the model to new users. Because of low 
computational complexity and consequently fast processing, 
this approach may be beneficial for reducing storage and 
network traffic demands.  
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