B}% electronics

Article

ElViG Signal Classification Based on Light-Weight Neural Net-
work with FPGAs for Wearable Application

Hyun-Sik Choi **

Citation: Lastname, F.; Lastname, F.;
Lastname, F. Title. Electronics 2023,
11, x. https://doi.org/10.3390/xxxxx

Academic Editor: Firstname Last-

name

Received: date
Accepted: date
Published: date

Publisher's Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional af-

filiations.

Copyright: © 2023 by the authors.
Submitted for possible open access
publication under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/).

1 Department of Electronic Engineering, College of IT Convergence Engineering, Chosun University,
Gwangju, South Korea; hs22.choi@chosun.ac.kr
* Correspondence: hs22.choi@chosun.ac.kr

Abstract: Recently, the application of bio-signals to health management, human-computer interac-
tion (HCI), and user authentication is increasing. This is due to the development of artificial intelli-
gence technology that can analyze bio-signals in many fields. In the case of bio-signal, there is a
tendency for the results to vary depending on the analysts due to the large amount of noise. How-
ever, when neural network is used, extraction of the features is possible, enabling more accurate
analysis. However, if the time series of bio-signal is analyzed as it is, the total neural network be-
comes large. In this study, to accomplish light-weight neural network, maximal overlap discrete
wavelet transform (MODWT) and the smoothing technique are u-edl for better feature extraction.
In addition, the learning efficiency is increased by using the augmentation technique. In the case of
neural network design, a 1-dimensional convolution layer is used so that the neural network is sim-
ple while using light-weight. Through this, light-weight can be implemented, and neural network
can be implemented in edge devices such as field programmable gate array (FPGA) with low power
consumption, high security, fast response time, and high user convenience for wearable application.
Electromyogram (EMG) signal is used as a representative bio-signal in this stud;

Keywords: bio-signals; artificial intelligence technology; light-weight neural network; maximal
overlap discrete wavelet transform (1 DDWT); smoothing technique; augmentation technique; edge

devices; field programmable gate array (FPGA); electromyogram (EMG).

1. Introduction

There are various bio-signals such as electrocardiogram (ECG), electromyogram
(EMGQG), photo-plethysmography (PPG), and electroencephalogram (EEG). Many artificial
intelligence networks using these bio-signals are being developed, and the field of appli-
cation is also diverse [1,2]. Typical application fields are health care, human-computer
interaction (HCI), and user authentication [3-6]. In this paper, EMG signal is dealt as a
representative bio-signals. In the case of EMG signal, measurement is simple, so it is ex-
pected to be used in fields such as user authentication and HCI [7,8]. EMG is measured
by amplifying a small signal coming from the movement of the muscle, and the measure-
ment equipment have three input terminals [9]. The two terminals are used to measure
the signal in the middle and end of the muscle. The last terminal is used as a reference
signal which is far from the muscle. This is amplified by the differential amplification unit
to determine muscle movement. EMG is easy to attach, and it can be used for HCI by
attaching it to the most active hand easily . I"or HCI application of EMG signal, classifica-
tion using artificial intelligence was studied in many researches [10,11]. This bio-signal
utilization application is due to the rapid progress of artificial intelligence and big data
technology.
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Basically, in the case of EMG signals, like other bio-signals, various noise components
are included in the measurement [12]. For this reason, there was a problem that the anal-
ysis of the results differs depending on the analysts. However, when the neural network
is used, feature extraction is easily possible and more accurate and consistent results can
be derived [13]. In [14], based on the EMG signals measured in 16 channels, support vector
machine (SVM) and generalized regression neural network (GRNN) artificial intelligence
algorithms were used using root mean square (RMS), autoregressive model (AR), and
slope sign change (SSC) corresponding to 6 representative time series analysis. Through
this, the six hand gestures were classified with 98% accuracy. In [15], a user recognition
study was conducted using the EMG signal measured when drawing the unlock pattern
on the smartphone screen. EMG signal was measured in Flexor Digitorum Superficialis
(FDS) muscle of the forearm using OpenBCI. Using one-class SVM (OCSVM), extracting
features such as mean absolute value (MAV), variance (VAR), ¢ ic. in the time domain, the
user was recognized as 98.2%. In [16], fast Fourier transform (rr1) was performed using
the EMG signal, and based on this, it was confirmed that diseases such as neuropathy
muscle disease could be predicted. However, if the time series is used as it is or FFT is
used, the neural network for feature extraction becomes very large, and the weight is also
used more than 100,000, making it unsuitable for wearable applications [17,18]. For this
heavy EMG signal analysis, most of them are implemented in a structure that transmits
data to the server and analyzes it in the server. In this case, a lot of hardware resources
are used in server, and power consumption is large. In addition, in this case, security is
emerging as a big problem, and in the case of authentication, problems such as slow re-
sponse time may occur [19,20].

To solve this problem, the field of bio-signal processing in edge devices is receiving
great attention [21-23]. This is because, when using an edge device, low power, fast re-
sponse speed, and security can be expected [24]. However, there is a problem in that it is
difficult to achieve low power in the case of CPU and GPU based artificial intelligence
system. This is because it is a clock-based operation and consumes a lot of power in the
process of accessing the memory. To prevent this, field programmable gate array (FPGA)
having a distributed structure can be an alternative, and low power and fast response time
can be secured through various structure optimizations [25,26]. In the case of implement-
ing an edge device with CPU/GPU or an embedded system, only one execution is per-
formed, whereas in the case of an FPGA, it has the advantage of executing multiple in-
structions in parallel, so it is receiving great attention in the edge device [27,28].

In the case of an inference accelerator using FPGA, many research studies are being
conducted [29]. However, in this case, an external memory such as dynamic random ac-
cess memory (DRAM) is used to store the weight values, and in this case, a lot of energy
is consumed for reading memory processes. To prevent this, more compressed edge de-
vices are being studied, and this paper also focuses on this part. This paper focuses on
hardware configuration that can be applied in real life. The hardware compression meth-
ods are largely based on 1) compression of the model network itself using algorithms, 2)
compression of computation methods (e. g. MobileNet [30], systolic array of tensor pro-
cessing unit (TPU) [31]), and 3) pruning method using weight sparsity and bit quantiza-
tion [32]. In this paper, hardware compression is carried out by focusing on method 1) and
3). Therefore, the main purpose is to design a light-weight neural network suitable for
edge device such as FPGA capable of parallel operation and low memory access. There-
fore, the memory components for storing weight values can be exist inside FPGA without
external DRAM memory access (e. g. ResNet minimum storage requirement for 26 million
weight values: 104 MB).

For this purpose, a frequency-filtered signal is used by a signal processing. The max-
imal overlap discrete wavelet transform (MODWT) and the smoothing algorithm for this
signal are used. In addition, augmentation technique is used to increase the learning effi-
ciency. For neural network design, 1-dimensional convolution layer is used for light-
weight system suitable for wearable application. The neural network implemented in this
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way is deployed to FPGA, which is an edge device, and performs appropriate inference 97

operation. Through this, it is confirmed that it is possible to implement a low power, high 98

speed, and high security system with an edge device even in low-cost FPGAs for artificial 99

intelligence. In other words, it is possible to reduce the size of the model network by using 100
an efficient feature extraction method which is suitable to EMG signals, and through this, 101
it is possible to operate with high accuracy and low power consumption without access 102
to external memory. In addition, bit quantization is performed to further secure the com- 103
pression of the edge device. The main application area is wearable system for HCI or user = 104
authentication. Section 2 of this paper deals with the signal processing of EMG signals, 105
and Section 3 deals with the structure of the neural network. Section 4 shows the overall 106
hardware structure and the verification process through high level synthesis (HLS) for 107
hardware deployment. Section 5 deals with conclusions, discussions, and future research 108

directions. 109

110
2. Signal processing 111
2.1. Data Augmentaion 112

For the EMG signal input, “sEMG for Basic Hand movements Data Set” of the exist- 113
ing UCI machine learning repository was used [33]. This is the measurement data for 5 114
people, and the hand gestures are composed of 6, so the final goal is to classify the 6 move- 115
ment by the measured EMG signals. The measurement sampling frequency is 500 Hz, and 116
measurement was performed using two channels. The reason why the sampling fre- 117
quency is 500 Hz is that most important data in the case of EMG signals are included in 118
the range of 10 to 250 Hz. However, since a wearable device is assumed in this paper, 119
classification was performed using only data from channel 1. This causes a decrease in 120
accuracy, but since 1 channel is mostly used in the actual HCI environment, 1 channel is 121
used. In a real environment, it would be difficult to distinguish 6 hand gestures with 1 122
channel data. In actual wearable device application, classification for about 2 to 3 classes 123
is considered. Both the EMG sensor and artificial intelligence will be produced in the form 124
of a smart watch. Actual application fields through this will be HCI implementation for 125
two or three hand motions, analysis of carpal tunnel syndrome, and user authentication. 126
However, for comparison with other neural networks, the accuracy was obtained by per- 127
forming the classification of all 6 hand gestures. In addition, in the case of measurement 128
data, the number of data is insufficient because it is data for 5 people, but it was used only 129
for the feasibility test of the proposed neural network. The dataset “EMG data for gestures 130
Data Set” of 36 subjects and 8 channels for 6 hand gestures is also verified with the similar 131
sequences. It shows 98 % classification accuracy for validation data (not shown here). The 132
increased accuracy is related to the increased channel numbers [34]. In the future, the EMG 133
signal will be measured by own compact EMG modules and it will be used as wearable 134
device. A high-efficiency wearable device for EMG signal acquisition is currently under 135
development. 136

In the case of the EMG input dataset, since the number of datasets is small, it is not 137
suitable for training, so data augmentation was implemented using additive noise and 138
magnitude warping techniques. In the case of additive noise, Gaussian noise was added. 139
The entire signal was processed after normalization. The equations below describe how 140

to create a new signal by adding additive Gaussian noise [35]. 141
X, =x+n (1)
x?
n~Gaussian(u = 0,0 = ) ()

SNR
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Normalized amplitude (V)
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where, xi is the original signal, and xi* is the augmented signal. # is the additive noise
component, and Gaussian noise is randomly added according to the signal-to-noise ratio
(SNR). Figure 1 shows a representative EMG signal and an augmentation signal using
additive noise method.
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Figure 1. Representative (a) EMG signal, (b) augmentation signal using additive noise of “sEMG for
Basic Hand movements Data Set”.

Additionally, moving average, permutation, and magnitude warping techniques are
possible for data augmentation. In this paper, only magnitude warping technique, which
is known to be the most efficient, was used [35]. As a result of actual verification, the im-
provement in accuracy due to the moving average technique was insignificant, and in the
case of the permutation technique, the accuracy is rather reduced. The magnitude warp-
ing method is shown in the equations below.

xi* =x;* CubicSpline(r) (3)

r= {r(tl)l r(tZ)! ey r(tT)} (4)

where t means sampling time. A random curve is generated using CubicSpline method,
which is an interpolated curve, and warping is performed on the magnitude. Through this
augmentation method, training was performed by increasing the size of the dataset by
about 3 times. This resulted in an increase in classification accuracy of about 3 % compared
to when the data augmentation method was not used.

2.2. Filtering and Smoothing

Additionally, EMG signals were completely removed 50 Hz and 0 Hz signals using
an additional filter. They are basically signals that have passed through the band pass
filter, but when the signal analysis is performed through FFT, DC and 50 Hz components
still exist, so 50 Hz and 0 Hz signals were additionally removed using a high-performance
additional filter for signal processing. The first filter is an active second-order high pass
filter with cutoff frequency (f) of 10 Hz. The second filter is an active notch filter with f. of
50 Hz. These are designed for easy hardware implementation for EMG sensor system. The
active notch filter will be designed using active twin-T notch filter method [36]. Figure 2
shows a representative signal before and after the additional filters. It is displayed as a
frequency spectrum for easy comparison.
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Figure 2. Frequency spectrum of EMG signal (a) before use of additional filters, (b) after use of ad-
ditional filters.

In addition to filtering method for time series data, it is possible to reduce the effec-
tive noise components through smoothing technique. In this study, Savitzky-Golay filter
was used for the smoothing technique. Although several smoothing techniques exist, the

Savitzky-Golay method was used because it is easy for a simple hardware implementation.

The Savitzky-Golay filter can replace smoothing using a polynomial regression model
mathematically accurately by providing a specific impulse response without calculating
the regression model within the window of every time step in performing smoothing us-
ing a regression model. The time window was 42 ms, and a cubic equation was used for
polynomial regression. Through filtering method and smoothing technique, it was possi-
ble to bring about an accuracy improvement of about 2 %.

2.3. Feature extraction

For feature extraction of EMG signal, the MODWT method was used for easy imple-
mentation in the FPGA. Wavelet transform was born to simultaneously perform time and
frequency domain analysis. The wavelet transform has the advantage of being able to deal
with information in the time domain, instead of sacrificing some accuracy in the frequency
domain. Among them, discrete wavelet transform (DWT) based on orthonormal wavelet
is used a lot, but MODWT is more sensitive to circular shift than general DWT. It can be
interpreted as a linear filter result. In hardware implementation, the finite impulse re-
sponse (FIR) filter will be used using digital logic. Through the above results, it can be
said that MODWT, which is easy to interpret in combination with events that actually
occurred in nature, is useful in time series analysis. Also, unlike the DWT, MODWT is
defined naturally for all sample sizes. The MODWT method is expanded while preserving
the size of the data. Due to MODWT method, feature extraction with light-weight can be
realized. If the time-series are directly analyzed, the size of the entire neural network for
feature extraction increases, whereas in MODWT method, similar performance can be se-
cured even with a small neural network. The basic implementation algorithm of MODWT
method is as follows. For a time series X with arbitrary sample size N, the jth level
MODWT wavelet (W;j*) and scaling (V;j*) coefficients are defined as follows [37].

Lj-1

-

ijz = z hf,z Xt—1mod N (5)
1=0
L]—l

ijt = z 91*',1 Xt—1mod N (6)
1=0
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where hji*=h;/2i? are the MODWT wavelet filters, and gji*=g;i/2/? are the MODWT scaling
filters.

In this study, the used filter is the second order Daubechies filter (db2), and it was
confirmed that the original signal was restored by using inverse MODWT. In addition to
db2, filters that can be used in MODWT method include the first order Daubechies filter
(db1), the forth order Daubechies filter (db4), Haar filter, Symlets filter, and Coiflets filter
[38]. Except for Haar filter and dbl filter, all showed similar excellent performance. In
addition, the de-composition level was selected as 4 because the performance increased
up to level 4, but the performance decreased by about 2 % when the level was 5 or higher.
This is related to the frequency domain being decomposed. For example, the frequency
spectrum of level 1 MODWT signal is between 125 Hz and 250 Hz.

The results of MODWT with the decomposition level of 4 is shown in Figure 3. Like
the artificial intelligence network, the MODWT module will also be implemented inside
the FPGA using digital logic. The results of each MODWT are given as inputs to the arti-
ficial intelligence network.
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Figure 3. MODWT execution result. (a) Original signal, (b) Level 1, (c) Level 2, (d) Level 3, (e) Level
4, (f) Residual.

3. Artificial Intelligence Network

The MODWT signal for feature extraction has 5 channels and is given as input to 1-
dimensional convolution layer as shown in Figure 4. The three 1-dimensional convolution
layer is used. The 1-dimensional convolution layer is suitable for realizing compressed
neural network because the amount of computation is smaller than that of 2-dimentional
convolution layer. To implement light-weight, while keeping neural network as simple as
possible, the accuracy was aimed at above 93 %. For this purpose, verification of various
neural networks was performed, and among them, neural network with 93 % or more
accuracy was selected while implementing light-weight.

Activation function of the 1-dimensional convolution layer uses the rectified linear
unit (ReLU), and the padding is not used. Kernel for convolution layer uses L1 regulation
and the used parameter is 0.001. Three 1-dimensional convolution layers are used and the
number of channels is optimized. The max-pooling layer after the convolution layer is
used to reduce the number of features. In the case of the fully connected layer (dense layer),
the minimum features were used as input, and sigmoid function and softmax function
were used for the activation functions. These were implemented in the form of look-up
table when implementing these to hardware resources in Section 4. Because the dense
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layer uses many parameters, the structure is implemented as concise as possible. The fo- 241
cus in this case is to ensure high accuracy with few parameters and a simple structure. 242
243
Model: "model 14"
Layer (type) Output Shape Param #
input_15 (InputLayer) [ (None, 3000, 5)] 0
convld 50 (Conv1D) (None, 2998, 32) 480
batch normalization 50 (Bat (None, 2998, 32) 128
chNormalization)
activation 50 (Activation) (None, 2998, 32) [¢]
max_poolingld 49 (MaxPoolin (None, 999, 32) [¢]
g1D)
convld 51 (ConvlD) (None, 498, 16) 2560
batch_normalization 51 (Bat (None, 498, 16) 64
chNormalization)
activation 51 (Activation) (None, 498, 16) 0
max_poolingld 50 (MaxPoolin (None, 166, 16) 0
g1D)
convld 52 (ConvilD) (None, 82, 16) 1024
batch_normalization_52 (Bat (None, 82, 16) 64
chNormalization)
activation_52 (Activation) (None, 82, 16) 0
max poolingld 51 (MaxPoolin (None, 20, 16) [¢]
g1D)
flatten 14 (Flatten) (None, 320) [¢]
dense 28 (Dense) (None, 12) 3852
dense 29 (Dense) (None, 6) 78
Total params: 8,250
Trainable params: 8,122
Non-trainable params: 128 244
Figure 4. The structure and parameters for artificial intelligence network 245

In this case, the adaptive moment estimation (adam) optimizer was used for training, 246
and the categorical cross-entropy function was used as the loss function. In addition, 247
learning process was performed using the validation data of 30 % of the total training data. 248
The learning rate (Ir), a representative hyper parameter, used step decay function, and the = 249
Ir change factor was set to 0.5. The initial Ir was set to 0.0001. The minimum value of Ir 250
was set to 107. In this way, the appropriate learning rate was adjusted. The total trainable 251
parameters of the designed neural network are 8,122. This corresponds to the light-weight =~ 252
neural network, and 96 % accuracy for the validation data was possible with the help of 253
algorithms such as MODWT, data augmentation, and smoothing technique. Through this, 254
the implementation of light-weight neural network that can be operated with a small 255
amount of resources even when implemented as an edge device was achieved. The accu- 256
racy and loss of training data and validation data according to the increase of training 257
epochs are shown in Figure 5, respectively. The accuracy of training data and validation 258
data is about 99 % and 96 %, respectively. 259

260
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Figure 5. (a) Accuracy of training data and validation data, (b) Loss of training data and validation

data.

In case of new data, test data, the confusion matrix is shown in Figure 6. The accuracy
for test data is 95 % after training. Although this value has a relatively low accuracy, it is

high considering that it is implemented using a small amount of hardware resources. In

the case of the other light-weight neural network example, the accuracy of “jet tagging” is
about 74 % [39]. By using MODWT, feature extraction is performed efficiently and high
accuracy can be secured with few parameters. In Figure 6, “spher” represents the action

for holding spherical tools, “tip” for holding small tools, “palm” for grasping with palm

facing the object, “lat” for holding thin, flat objects, “cyl” for holding cylindrical tools, and

“hook” for supporting a heavy load.
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Figure 6. Confusion matrix for test data.

Finally, Figure 7 shows receiver operating characteristic (ROC) curve and area under
curve (AUC). ROC curve is often used to evaluate the performance of a model that distin-
guishes classes, and there is false positive rate (FPR) on the x-axis and true positive rate
(TPR) on the y-axis. Through this, it is possible to represent various performance indices.

Currently, the AUC is over 99 % for test data.
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—— Spher tagger, AUC = 99.9%
Tip tagger, AUC = 99.8%
Palm tagger, AUC = 99 4%

— Lattagger, AUC = 99.8%
Cyl tagger, AUC = 99.9%

—— Hook tagger, AUC = 99 8%

107*

Background Efficiency

102

10°?

T T T
00 02 04 06

Signal Efficiency 281
Figure 7. ROC curve for test data (6 categories). 282
4. Hardware deployment 283

Using the light-weight neural network model created by software using Keras tool, 284

it is converted to Verilog hardware description language (HDL) using HLS [40]. Verilog 285
HDL is changed to NAND gates, NOR gates, etc. through synthesis to create digital logic. 286
HLS is a method that automatically converts software code to Verilog HDL when it is 287
written in C/C++, which the user is familiar with. Because it takes a long time for large 288
logic to be written directly in a language such as Verilog HDL, HLS can greatly reduce 289
hardware development time and increase user convenience. In addition, if the user usesa 290
command such as “#pragma HLS PIPFLINE”, which is a separate grammar in HLS, the 291
parallel computation of the FPGA can be accomplished. Therefore, the latency reduction 292
in FPGA can be obtained. In such way, the structure optimization is performed together 293
in HLS. Figure 8 shows the HLS code for 1-dimensional convolution layer written in 294
C/C++, representatively. The 1-dimensional convolution layer proposed by Keras is con- 295
figured using C/C++ and converted to Verilog HDL using HLS. The main algorithm is the 296
process of adding the convolution operation of the input and the filter again after storing 297
the values of the bias in the buffer. Each layer of batch normalization layer, max-pooling 298
layer, activation layer, and dense layer was implemented using HLS to be similar to the 299
proposed neural network by Keras. In the case of sigmoid and softmax functions, the 300
amount of exponential calculation is large, so it is implemented in the form of a look-up 301
table. Similar to the above method, there are several hardware implementation methods 302
such as Vivado SDAccel and NVIDIA Deep Learning Accelerator (NVDLA). The core part 303
has the advantage of directly converting a neural network written in Caffe or the like into 304
register transfer level (RTL). In this study, it was confirmed that the artificial intelligence 305
part for EMG signal classification in real life could be implemented in the edge device. In 306
this study, it was designed to have light weight parameters through neural network de- 307
sign, which resulted in a reduction of hardware resources, and additional resource reduc- 308
tion was performed through additional bit optimization. The designed digital logic canbe 309
easily changed to application specific integrated circuits (ASICs). 310
311
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void convld(DTYPE in[NUM_INCHAN][IN_ROWS],
const DTYPE filt[NUM_OUTCHAN][NUM_INCHAN][KSIZE],
const DTYPE bias[NUM OUTCHAN],
DTYPE out [NUM_OUTCHAN][OUT_ROWS]){
OFM: for(int ofm=0; ofm<NUM_OUTCHAN; ofm+=2){
ROW_CLR: for(int r=0; r<OUT_ROWS; r++){
#pragma HLS PIPELINE
acc_buf_8[r]=bias[ofm]; acc_buf_1[r]=bias[ofm+1];}
IFM: for(int ifm=0; ifm<NUM_INCHAN; ifm++){
ROW: for(int r=0; r<OUT_ROWS; r++){
#pragma HLS PIPELINE
acc_0=0; acc_1=0;
K_ROW: for(int k_r=0; k_r<KSIZE; k_r+=STRIDE){
acc_0 += filt[ofm][ifm][k_r]*in[ifm][r + k_r];
acc_1 += filt[ofm+1][ifm] [k_r]*in[ifm][r + k_r];
acc_buf_0[r]+= acc_0; acc_buf_1[r]+= acc_1;
}
}
ROW_CPY:for(int r=0;r<0UT_ROWS;r++){
#pragma HLS PIPELINE
out[ofm][r] = acc_buf_e[r];
out[ofm+1][r] = acc_buf_1[r];

}
}

}

Figure 8. HLS code for 1-dimensional convolution layer.

The advantage of hardware deployment is that the number system can be freely used.
Because the hardware is designed by ourselves, the number system used inside can be
defined and used, and through this, the hardware resource can be reduced [41]. In case of
using floating point number used in software in Section 3, it is possible to obtain 95 %
accuracy for the test data using the hardware resource. This is the same accuracy result as
the software. However, the number of bits used for resource reduction was reduced to be
suitable for wearable devices. In this case, bit optimization was performed. In the case of
a fixed point number, an error occurs unlike Keras, and a large difference is shown de-
pending on the number of bits used. In FPGA, the size of the fixed point number is deter-
mined through the “ap_fixed” keyword, and ap_fixed<16, 6> is the basic configuration for
FPGA. That is, the entire bit becomes 16 bits, the integer is 6 bits including the sign bit,
and 10 bits representing the value below the decimal point. In this case, if ap_fixed<24, 6>
is used, it can be implemented with a small amount of hardware resources without deg-
radation of accuracy. However, when ap_fixed<22, 6> is used, 80 % of the hardware re-
sources are used compared to ap_fixed<24, 6>, so it was judged as the optimal structure.
In this case, the difference in accuracy is just about 1 %. However, if the number of bits is
further reduced and the hardware is configured as ap_fixed<20, 6>, the accuracy is re-
duced to 86 %. The distribution of weights actually used to optimize the bit was examined
through Figure 9. The used total bits for optimal structure are 22 bits. Bit optimization can
also be performed using QKeras. QKeras is a quantization extension to Keras.

Distribution of (non-zero) weights (final / after optimization)

convld_50/w 1 ' -
convld_50/b 4 —T—
convld 51/w 1 ! _—'
convld 51/b 1 —aH
convld_52/w 1 ! o
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dense_28/w 1 —{TH
dense_28/b —{1H
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Figure 9. Bit selection using numerical profiling.
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The network is implemented using HLS using ap_fixed<22, 6>. The accuracy of the 337

test data is about 94 %, and the AUC can be secured more than 99 %. If the basic 338
ap_fixed<16, 6> is used, the accuracy is reduced to about 18 %. The AUC becomes more 339
than 45 %. There is no change in accuracy when using floating point numbers or 340
ap_fixed<24, 6>. In addition, the reuse factor from 10 to 20 was used to implement a struc- 341
ture that reuses resources as much as possible. Figure 10 shows the ROC curve in the 342
digital logic implemented in the FPGA with ap_fixed<22, 6> compared to the Keras result. 343
It can be seen that the AUC decreases by the decrease in the number of bits. The AUC can 344
be secured more than 99 %. 345
346
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Figure 10. ROC curve for Keras and HLS (6 categories). 348

When configured in an actual FPGA, communication is performed using the AXI 349
structure, and the generated IP of artificial neural network is used. The FPGA chipset 350
“xckubp-ffvb676-1-i” was used, and device utilization is shown in Figure 11. In the case 351
of AUC, it is shown as 99 % or more for all classifications. In this case, the total operating 352
speed for 4000 data at the time of inference is about 2.47 sec when using the CPU, and 353
about 480 msec when using the proposed FPGA. Therefore, the operating speed for infer- 354
ence is about 5 times using the proposed FPGA. In the case of FPGA, since it is composed 355
of a wearable system, the data transmission time to the server is not required, so the fast 356
response time is guaranteed. Since security can be secured in healthcare services, the ap- 357

plication of edge devices using FPGAs is expected to be of great help. 358
359
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Figure 11. Device utilization for FPGA chipset “xckubp-ffvb676-1-i". 361
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Furthermore, it is possible to use less resources by using pruning technique, but in
the current structure, it is not used. When pruning technique is used with 50 % sparsity,
the accuracy is reduced by about 3 %, so this option was not used.

Table 1 shows a comparison of accuracy and response speed when performing infer-
ence using FPGA and CPU. CPU is Intel Core i7-7700HQ. In the case of accuracy, test data
was used. Through this, it was confirmed that EMG signal classification is possible using
a small amount of resources when using FPGA. Security is enhanced and a fast response
time can be acquired using FPGA. However, when using HLS for hardware deployment,
it seems that the performance of optimization between latency and resources is somewhat
insufficient, so it is necessary to consider how to implement HLS more efficiently in the
future.

EMG classification in real time is attracting attention. In this regard, the response
time was about 200 ms in the case of MYO armband and 0.2 ms in the case of implemen-
tation with MCU [42,43]. In this study, a response time of 0.12 ms per sample was obtained
by using FPGA's parallel computation and light weight (ap_fixed<22,6>).

Table 1. A comparison of accuracy for test data and response speed between CPU and FPGA.

Inference time

Category Accuracy (4000 samples)
CPU 95 % 2.47 sec
FPGA, ap_fixed<24, 6> 95 % 520 msec
FPGA, ap_fixed<22, 6> 94 % 480 msec
FPGA, ap_fixed<20, 6> 86 % 435 msec
FPGA, ap_fixed<16, 6> 18 % 378 msec

5. Conclusions and Discussions

The implementation of edge devices using EMG signals was studied. Among various
edge devices, FPGAs is considered because it can easily perform parallel computation and
can be implemented to ASICs in the future. In this case, since there are resource limitations
in the FPGA, optimization was performed on the structure that can maintain accuracy
while implementing the artificial neural network as simply as possible. For this, data aug-
mentation was performed on the EMG signal, and MODWT capable of time and fre-
quency domain analysis was used for the feature vector. In the case of convolution neural
network and deep neural network, the structure is optimized so that the number of pa-
rameters does not exceed 10,000, and the number of bits is optimized to maintain the ac-
curacy. Through this, it was confirmed that HCI, disease diagnosis, and user authentica-
tion can be performed quickly and with low power by performing artificial intelligence
on the edge device with light-weight. By implementing a wearable device, it can contrib-
ute to security enhancement. For future studies, the wearable system with bio-signal sen-
sor system and the edge device will be manufactured together. This system will help the
self-diagnosis at the user's desired time. Furthermore, the analysis of power consumption
of this wearable system will be accomplished. Also, the studies on Siamese networks that
can learn with little data are also planned to be added.
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