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Abstract: Recently, the application of bio-signals in the fields of health management, human–
computer interaction (HCI), and user authentication has increased. This is because of the development
of artificial intelligence technology, which can analyze bio-signals in numerous fields. In the case of
the analysis of bio-signals, the results tend to vary depending on the analyst, owing to a large amount
of noise. However, when a neural network is used, feature extraction is possible, enabling a more
accurate analysis. However, if the bio-signal time series is analyzed as is, the total neural network
increases in size. In this study, to accomplish a light-weight neural network, a maximal overlap
discrete wavelet transform (MODWT) and a smoothing technique are used for better feature extrac-
tion. Moreover, the learning efficiency is increased using an augmentation technique. In designing
the neural network, a one-dimensional convolution layer is used to ensure that the neural network
is simple and light-weight. Consequently, the light-weight attribute can be achieved, and neural
networks can be implemented in edge devices such as the field programmable gate array (FPGA),
yielding low power consumption, high security, fast response times, and high user convenience for
wearable applications. The electromyogram (EMG) signal represents a typical bio-signal in this study.

Keywords: bio-signals; artificial intelligence technology; light-weight neural network; maximal
overlap discrete wavelet transform (MODWT); smoothing technique; augmentation technique; edge
devices; field programmable gate array (FPGA); electromyogram (EMG)

1. Introduction

Various bio-signals have been developed, such as electrocardiogram (ECG), elec-
tromyogram (EMG), photo-plethysmography (PPG), and electroencephalogram (EEG).
Many artificial intelligence networks using these bio-signals are being developed, and the
fields of application are diverse [1,2]. Typical application fields include health care, human–
computer interaction (HCI), and user authentication [3–6]. In this study, the EMG signal
was treated as a representative bio-signal. In the case of the EMG signal, the measurement
is simple; therefore, it is expected 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 measurement equipment has three input terminals [9]. Two terminals
were used to measure the signal in the middle and end of the muscle. The last terminal was
used as a reference signal, which is far from the muscle. This is amplified by the differential
amplification unit to determine muscle movement [10]. The EMG sensor is easy to attach
and can be used for HCI by attaching it to the most active hand. For HCI applications that
use EMG, the classification of the signals using artificial intelligence has been the subject
of many studies [11,12]. The increasing use of bio-signals is due to the rapid progress of
artificial intelligence and big data technology.

In the case of EMG signals, as with other bio-signals, various noise components
are included in the measurement [13]. This creates a problem in that the analysis of
results can differ depending on the analyst. However, when a neural network is used,

Electronics 2023, 12, 1398. https://doi.org/10.3390/electronics12061398 https://www.mdpi.com/journal/electronics

https://doi.org/10.3390/electronics12061398
https://doi.org/10.3390/electronics12061398
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://orcid.org/0000-0003-0507-9988
https://doi.org/10.3390/electronics12061398
https://www.mdpi.com/journal/electronics
https://www.mdpi.com/article/10.3390/electronics12061398?type=check_update&version=1


Electronics 2023, 12, 1398 2 of 14

feature extraction is possible and more accurate, and consistent results can be obtained [14].
In [15], based on EMG signals measured in 16 channels, support vector machine (SVM)
and generalized regression neural network (GRNN) artificial intelligence algorithms were
employed using the root mean square (RMS), an autoregressive model (AR), and the slope
sign change (SSC). In this manner, the six hand gestures were classified with 98% accuracy.
In [16], a user recognition study was conducted using the EMG signal measured when
drawing an unlock pattern on a smartphone screen. The EMG signal was measured in the
flexor digitorum superficialis (FDS) muscle of the forearm using OpenBCI. Using one-class
SVM (OCSVM) and extracting features, such as the mean absolute value (MAV), variance
(VAR) in the time domain, the user was recognized 98.2% of the time. In [17], a fast Fourier
transform (FFT) was performed using EMG signals, 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 is or if FFT is used, the neural network for feature extraction becomes
significant, with more than 100,000 weight values, making it unsuitable for wearable
applications [18,19]. Most of the heavy EMG signal analyses are implemented in a structure
that transmits data to a server and analyzes them on the server. This means that many
hardware resources are used in the server, and the power consumption is high. Moreover,
security is emerging as a big problem in EMG analysis, while, regarding authentication,
problems such as slow response times may occur [20,21].

To solve this problem, the field of bio-signal processing in edge devices has received
considerable attention [22–24]. This is because when using an edge device, low power, a
fast response speed, and security can be expected [25]. However, difficulty in achieving
low power in the case of CPU- and GPU-based artificial intelligence systems is a problem.
This is because their operation is clock-based and consumes considerable power in the
process of accessing memory. To prevent this, a field programmable gate array (FPGA) with
a distributed structure is a possible alternative, and low power and fast response times can
be secured through various structure optimizations [26,27]. In the case of an edge device
with a CPU/GPU or an embedded system, only one execution is performed, whereas an
FPGA has the advantage of executing multiple instructions simultaneously. Therefore,
FPGAs have received significant attention in the field of edge devices [28,29].

In the case of an inference accelerator using an FPGA, many studies have been con-
ducted [30]. However, when an FPGA is used, external memory such as dynamic random
access memory (DRAM) is required to store the weight values, and considerable energy is
therefore consumed for reading memory processes. To prevent this, edge devices that are
more compressed are being studied, which is also the focus of this study. This study focuses
on hardware configurations that can be applied in real life. The hardware compression
methods used are largely based on (1) compression of the model network itself using
algorithms, (2) compression of the computation methods (e.g., MobileNet [31], a systolic
array structure for the tensor processing unit (TPU) [32]), and (3) a pruning method that
uses weight sparsity and bit quantization [33]. In this study, hardware compression was
carried out by focusing on methods (1) and (3). Therefore, the main purpose is to design
a light-weight neural network suitable for an edge device, such as an FPGA, capable of
parallel operation and with low memory access. With such a neural network, memory
components for storing weight values can exist inside the FPGA without any external
DRAM memory access (e.g., ResNet minimum storage requirement for 26 million weight
values of 104 MB).

For this purpose, a frequency-filtered signal is used by signal processing. The maximal
overlap discrete wavelet transform (MODWT) and smoothing algorithm for this signal are
used. Moreover, an augmentation technique is used to increase learning efficiency. For
the neural network design, a one-dimensional convolution layer is used for light-weight
systems that are suitable for wearable applications. The neural network implemented in
this manner is deployed to the FPGA, which is an edge device, and performs an appropriate
inference operation. Through this, a low-power, high-speed, and high-security system with
an edge device can be implemented even in low-cost FPGAs for artificial intelligence. In
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particular, the size of the model network can be reduced using an efficient feature extraction
method that is suitable for EMG signals; through this, operation with high accuracy and
low power consumption without access to external memory is possible. Additionally,
bit quantization was performed to secure the compression of the edge device. The main
application area is wearable systems for HCI or user authentication. Section 2 investigates
the signal processing of EMG signals, and Section 3 reports on the structure of the neural
network. Section 4 shows the overall hardware structure and verification process through
high level synthesis (HLS) for hardware deployment. Section 5 presents the conclusions,
discussions, and future research directions.

2. Signal Processing
2.1. Data Augmentaion

For the EMG signal input, “sEMG for Basic Hand movements Data Set” of the existing
UCI machine learning repository was used [34]. This is the measurement data for five
people, and the hand gestures are composed of six; thus, the final goal is to classify the
six movements using the measured EMG signals. The measurement sampling frequency
was 500 Hz, and the measurement was performed using two channels. The sampling
frequency was 500 Hz because the most important data in the case of EMG signals are
included in the range from 10 to 250 Hz. However, because a wearable device is assumed
in this study, classification was performed using only data from channel 1. This causes a
decrease in accuracy, but because one channel is mostly used in the actual HCI environment,
one channel is used. In a real environment, the six hand gestures would be difficult to
distinguish with one channel of data. In actual wearable device applications, classification
for approximately two to three classes is considered. Both the EMG sensor and artificial
intelligence will be produced in the form of a smartwatch. The actual application fields
through this will be HCI implementation for two or three hand motions, analysis of carpal
tunnel syndrome, and user authentication. However, for comparison with other neural
networks, the accuracy was obtained by performing the classification of all six hand
gestures. Additionally, in the case of measurement data, the amount of data is insufficient
because it is data from five people; however, the data were used only for the feasibility
test of the proposed neural network. The dataset “EMG data for gestures Data Set” of 36
subjects and eight channels for six hand gestures were also verified with similar sequences.
A 98% classification accuracy was observed for the validation data (not shown here). The
increased accuracy is related to the increased channel numbers [35]. In the future, the
EMG signal will be measured via its own compact EMG modules and will be used as a
wearable device. A high-efficiency wearable device for EMG signal acquisition is currently
under development. Figure 1a shows a prototype of the EMG sensor that is currently
under development. A differential amplifier was used, and signals from 10 to 250 Hz were
obtained using frequency filtering. Figure 1b shows the measured EMG signals of the
wrist. In the future, the signals will be produced in the form of a wearable watch through
miniaturization and low power consumption and will be combined with an edge device
for artificial intelligence to detect wrist movements.

In the case of the EMG input dataset, because the number of datasets is small, it is
unsuitable for training. Therefore, data augmentation was implemented using additive
noise and magnitude warping. In the case of additive noise, Gaussian noise was added,
and the entire signal was processed after normalization. The equations below describe the
creation of a new signal by adding additive Gaussian noise [36].

x∗i = xi + n (1)

n ∼ Gaussian(µ = 0, σ =

√
x2

i
SNR

) (2)

where xi is the original signal and xi
* is the augmented signal. n is the additive noise

component and Gaussian noise is randomly added according to the signal-to-noise ratio
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(SNR). Figure 2 shows a representative EMG signal and an augmentation signal using the
additive noise method.
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Basic Hand movements Data Set”.

Moreover, the moving average, permutation, and magnitude warping techniques
can be used for data augmentation. In this study, only the magnitude warping technique,
which is known to be the most efficient, was used [36]. As a result of actual verification,
the improvement 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
warping method is shown in the following equations:

x∗i = xi·CubicSpline(r) (3)

r = {r(t1), r(t2), . . . , r(tT)} (4)

where t is the sampling time. A random curve is generated using the 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 approximately three times. This resulted in an increase in the classification accuracy of
approximately 3% compared to when the data augmentation method was not used.

2.2. Filtering and Smoothing

The EMG signals were completely removed at 50 Hz and 0 Hz using an additional
filter. They are signals that have passed through the band pass filter; however, when the
signal analysis is performed through FFT, DC and 50 Hz components still exist; therefore,
50 Hz and 0 Hz signals were additionally removed using an additional high-performance
filter for signal processing. The first filter was an active second-order high-pass filter with a
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cutoff frequency (fc) of 10 Hz. The second filter was an active notch filter with fc of 50 Hz.
These are designed for easy hardware implementation in an EMG sensor system. The active
notch filter is designed using the active twin-T notch filter method [37]. Figure 3 shows
a representative signal before and after applying additional filters. This is displayed as a
frequency spectrum for ease of comparison.
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In addition to using the filtering method for the time series data, the effective noise
components can be reduced through a smoothing technique. In this study, the Savitzky–
Golay filter was used as the smoothing technique. Although several smoothing techniques
exist, the Savitzky–Golay method was used because it is easy to perform for a simple hard-
ware implementation. The Savitzky–Golay filter can mathematically replace smoothing
using a polynomial regression model by providing a specific impulse response without
calculating the regression model within the window of every time step in performing
smoothing using a regression model. The time window was 42 ms, and a cubic equa-
tion was used for polynomial regression. Through the filtering method and smoothing
technique, the accuracy could be improved by approximately 2%.

2.3. Feature Extraction

For feature extraction of the EMG signal, the MODWT method was used for easy
implementation in the FPGA. The wavelet transform was developed to perform time and
frequency domain analyses simultaneously. 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, the discrete wavelet transform (DWT) based on
orthonormal wavelet is frequently used; however, MODWT is more sensitive to circular
shifts than the general DWT. This can be interpreted as a linear filter result. In hardware
implementation, a finite impulse response (FIR) filter is used using digital logic. The above
results indicate that MODWT, which is easy to interpret in combination with events that
actually occur in nature, is useful in time series analysis. Moreover, unlike DWT, MODWT
is defined naturally for all sample sizes. The MODWT method was expanded while
preserving the size of the data. There are various studies related to feature extraction [38].
Based on the dataset measured at Chosun University, a scalogram based on the continuous
wavelet transform (CWT) is confirmed to be useful as an ECG feature [39]. By extending
this, MODWT was selected as a feature suitable for the EMG analysis at edge devices.
Owing to the 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 the MODWT method, a similar performance can be secured even
with a small neural network. The basic implementation algorithm of the MODWT method
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is as follows. For a time series X with an arbitrary sample size N, the j-th level MODWT
wavelet (Wj*) and scaling (Vj*) coefficients are defined as follows [40].

W∗j,t =
Lj−1

∑
l=0

h∗j,lXt−l mod N (5)

V∗j,t =
Lj−1

∑
l=0

g∗j,lXt−l mod N (6)

where hj,l* = hj,l/2j/2 are the MODWT wavelet filters, and gj,l* = gj,l/2j/2 are the MODWT
scaling filters.

In this study, the second-order Daubechies filter (db2) was used, and the original
signal was restored using inverse MODWT. In addition to db2, filters that can be used in the
MODWT method include the first-order Daubechies (db1), fourth-order Daubechies (db4),
Haar, Symlets, and Coiflets filters [41]. Except for the Haar and db1 filters, all exhibited
excellent performance. Moreover, the decomposition level was selected as 4 because the
performance increased up to level 4; however, the performance decreased by approximately
2% when the level was 5 or higher. This is related to the decomposition of the frequency
domain. For example, the frequency spectrum of the level 1 MODWT signal is between
125 Hz and 250 Hz.

The results of the MODWT with the decomposition level of 4 are shown in Figure 4.
Similar to the artificial intelligence network, the MODWT module will also be implemented
inside the FPGA using digital logic. The results of each MODWT were provided as inputs
to the artificial intelligence network.
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3. Artificial Intelligence Network

The MODWT signal for feature extraction has five channels and is given as an input
to the one-dimensional convolution layer, as shown in Figure 5. The three one-dimensional
convolution layers were used. The one-dimensional convolution layer is suitable for
realizing a compressed neural network because the amount of computation is smaller than
that of the two-dimensional convolution layer. To implement the light-weight characteristic
while keeping the neural network as simple as possible, the accuracy was aimed at above
93%. Therefore, the verification of various neural networks was performed, and among



Electronics 2023, 12, 1398 7 of 14

them, a neural network with 93% or more accuracy was selected while achieving the
light-weight characteristic. KerasTuner was used for the network design.
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The activation function of the one-dimensional convolution layer used the rectified
linear unit (ReLU), and padding was not used. The kernel for the convolution layer used
L1 regulation, and the used parameter was 0.001. Three 1-dimensional convolution layers
were used, and the number of channels was optimized. The max-pooling layer after the
convolution layer was 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 the sigmoid
and softmax functions were used for the activation functions. These were implemented in
the form of a look-up table when being implemented to the hardware resources in Section 4.
Because the dense layer uses many parameters, the structure is implemented as concisely
as possible. The focus in this case was to ensure high accuracy with few parameters and a
simple structure.

In this case, the adaptive moment estimation (adam) optimizer was used for training,
and the categorical cross-entropy function was used as the loss function. Moreover, the
learning process was performed using the validation data of 30% of the total training data.
The learning rate (lr), a representative hyperparameter, used a step decay function, and the
lr change factor was set to 0.5. The initial lr value was set to 0.0001. The minimum value of
lr was set to 10−7. Thus, the appropriate learning rate was adjusted. The total number of
trainable parameters of the designed neural network was 8122. This corresponds to the
lightweight neural network, and 96% accuracy for the validation data was possible with
the help of algorithms such as MODWT, data augmentation, and smoothing techniques.
Thus, the implementation of a light-weight neural network that can be operated with a
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small number of resources, even when implemented as an edge device, was achieved. The
accuracy and loss of training data and validation data according to the increase in training
epochs are shown in Figure 6. The accuracies of the training data and validation data were
approximately 99% and 96%, respectively.
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In the case of new data (test data), the confusion matrix is shown in Figure 7. The
accuracy of the test data was 95% after training. Although this value has relatively low
accuracy, the value is high considering that it is implemented using a small number of
hardware resources. In the case of the other light-weight neural network example, the
accuracy of “jet tagging” was approximately 74% [42]. Using MODWT, feature extraction is
performed efficiently, and high accuracy can be secured with few parameters. In Figure 7,
“spher” represents the action for holding spherical tools, “tip” for holding small tools,
“palm” for grasping with the palm facing the object, “lat” for holding thin, flat objects, “cyl”
for holding cylindrical tools, and “hook” for supporting a heavy load.

Electronics 2022, 11, x FOR PEER REVIEW  9  of  15 
 

 

 

Figure 7. Confusion matrix for test data. 

Finally, Figure 8 shows the receiver operating characteristic (ROC) curve and area 

under curve (AUC). The ROC curve is often used to evaluate the performance of a model 

that distinguishes classes, with a false positive rate (FPR) on the x‐axis and a true positive 

rate (TPR) on the y‐axis. Thus, various performance indices can be represented. Currently, 

the AUC is over 99% for the test data. In the previous study carried out by the authors of 

[43] using the State‐of‐the‐Art (SOTA), the achievable accuracy with FPGAs was approx‐

imately 95.4% when using more parameters in the proposed network. In this study, higher 

accuracy was  achieved with  fewer  parameters  using  various  feature  extraction  tech‐

niques. 

 

Figure 8. Receiver operating characteristic (ROC) curve for test data (six categories). 

4. Hardware Deployment 

Using the  light‐weight neural network model created by software using the Keras 

tool, it is converted to the Verilog hardware description language (HDL) using HLS [44]. 

Verilog HDL is changed to NAND or NOR gates through synthesis to create digital logic. 

HLS is a method that automatically converts the software code to Verilog HDL when writ‐

ten in C/C++, with which the user is familiar. Because large logic requires longer duration 

when written directly in a language such as Verilog HDL, HLS can significantly reduce 

the hardware development time and increase user convenience. Moreover, if the user uses 

a command such as “#pragma HLS PIPELINE”, which is a separate grammar in HLS, the 

Figure 7. Confusion matrix for test data.

Finally, Figure 8 shows the receiver operating characteristic (ROC) curve and area
under curve (AUC). The ROC curve is often used to evaluate the performance of a model
that distinguishes classes, with a false positive rate (FPR) on the x-axis and a true positive
rate (TPR) on the y-axis. Thus, various performance indices can be represented. Currently,
the AUC is over 99% for the test data. In the previous study carried out by the authors of [43]
using the State-of-the-Art (SOTA), the achievable accuracy with FPGAs was approximately
95.4% when using more parameters in the proposed network. In this study, higher accuracy
was achieved with fewer parameters using various feature extraction techniques.



Electronics 2023, 12, 1398 9 of 14

Electronics 2022, 11, x FOR PEER REVIEW  9  of  15 
 

 

 

Figure 7. Confusion matrix for test data. 

Finally, Figure 8 shows the receiver operating characteristic (ROC) curve and area 

under curve (AUC). The ROC curve is often used to evaluate the performance of a model 

that distinguishes classes, with a false positive rate (FPR) on the x‐axis and a true positive 

rate (TPR) on the y‐axis. Thus, various performance indices can be represented. Currently, 

the AUC is over 99% for the test data. In the previous study carried out by the authors of 

[43] using the State‐of‐the‐Art (SOTA), the achievable accuracy with FPGAs was approx‐

imately 95.4% when using more parameters in the proposed network. In this study, higher 

accuracy was  achieved with  fewer  parameters  using  various  feature  extraction  tech‐

niques. 

 

Figure 8. Receiver operating characteristic (ROC) curve for test data (six categories). 

4. Hardware Deployment 

Using the  light‐weight neural network model created by software using the Keras 

tool, it is converted to the Verilog hardware description language (HDL) using HLS [44]. 

Verilog HDL is changed to NAND or NOR gates through synthesis to create digital logic. 

HLS is a method that automatically converts the software code to Verilog HDL when writ‐

ten in C/C++, with which the user is familiar. Because large logic requires longer duration 

when written directly in a language such as Verilog HDL, HLS can significantly reduce 

the hardware development time and increase user convenience. Moreover, if the user uses 

a command such as “#pragma HLS PIPELINE”, which is a separate grammar in HLS, the 

Figure 8. Receiver operating characteristic (ROC) curve for test data (six categories).

4. Hardware Deployment

Using the light-weight neural network model created by software using the Keras
tool, it is converted to the Verilog hardware description language (HDL) using HLS [44].
Verilog HDL is changed to NAND or NOR gates through synthesis to create digital logic.
HLS is a method that automatically converts the software code to Verilog HDL when
written in C/C++, with which the user is familiar. Because large logic requires longer
duration when written directly in a language such as Verilog HDL, HLS can significantly
reduce the hardware development time and increase user convenience. Moreover, if the
user uses a command such as “#pragma HLS PIPELINE”, which is a separate grammar
in HLS, the parallel computation of the FPGA can be accomplished. Therefore, latency
reduction in the FPGA can be obtained. Thus, the structure optimization is performed
together in the HLS. Figure 9 shows the HLS code for one-dimensional convolution layer
written in C/C++, representatively. This layer proposed by Keras is configured using
C/C++ and converted to Verilog HDL using HLS. The main algorithm is the process of
adding the convolution operation of the input and filter after storing the values of the
bias in the buffer. Each batch normalization, max-pooling, activation, and dense layer was
implemented using HLS to be similar to the neural network proposed by Keras. In the
case of the sigmoid and softmax functions, the number of exponential calculations is large;
therefore, it is implemented in the form of a look-up table. Similar to the abovementioned
method, several hardware implementation methods are available, such as Vivado SDAccel
and NVIDIA Deep Learning Accelerator (NVDLA). The core part has the advantage
of directly converting a neural network written in Caffe or similar frameworks into a
register transfer level (RTL). In this study, the artificial intelligence part for EMG signal
classification in real life can be implemented in an edge device, which was designed to have
light-weight parameters through neural network design. This resulted in a reduction in
hardware resources, and additional resource reduction was performed through additional
bit optimization. The designed digital logic can be easily changed to application-specific
integrated circuits (ASICs).
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The advantage of hardware deployment is that the number of systems can be freely
used. Because the hardware is designed by us, the number of systems used inside can be
defined and used; thus, the hardware resources can be reduced [45]. In the case of using
the floating point number used in software in Section 3, 95% accuracy can be obtained for
the test data using the hardware resource. This is the same accuracy result as that of the
software. However, the number of bits used for the resource reduction is reduced to make
it suitable for wearable devices. In this case, bit optimization was performed. In the case
of a fixed point number, an error occurs, unlike in Keras, and a large difference is shown
depending on the number of bits used. In the FPGA, the size of the fixed point number is
determined through the “ap_fixed” keyword, and ap_fixed<16, 6> is the basic configuration
for the FPGA. In particular, the entire bit becomes 16 bits, the integer is 6 bits, including the
sign bit, and 10 bits represent the value below the decimal point. In this case, if ap_fixed<24,
6> is used, it can be implemented with a small number of hardware resources without
degradation in accuracy. However, when ap_fixed<22, 6> was used, 80% of the hardware
resources were used compared to ap_fixed<24, 6>, which was regarded as the optimal
structure. In this case, the difference in accuracy was approximately 1%. However, if the
number of bits is further reduced and the hardware is configured as ap_fixed<20, 6>, the
accuracy is reduced to 86%. The distribution of the weights used to optimize the bit was
examined, as shown in Figure 10. The total number of bits used for the optimal structure
was 22. Bit optimization can also be performed using QKeras. QKeras is a quantization
extension of Keras.

The network was implemented using HLS with ap_fixed<22, 6>. The accuracy of the
test data was approximately 94%, and the AUC could be secured by more than 99%. If the
basic ap_fixed<16, 6> is used, the accuracy is reduced to approximately 18%, and the AUC
becomes more than 45%. No change is observed in accuracy when using floating-point
numbers or ap_fixed<24, 6>. Moreover, a reuse factor from 10 to 20 was used to implement
a structure that reuses resources completely. Figure 11 shows the ROC curve in the digital
logic implemented in the FPGA with apiece<22, 6> compared with the Keras result. The
AUC decreases with a decrease in the number of bits; an AUC can be secured by more
than 99%.

When configured in an actual FPGA, communication was performed using the AXI
structure, and the generated IP of the artificial neural network was used. The FPGA chipset
“xcku5p-ffvb676-1-i” was used, and the device utilization is shown in Figure 12. In the case
of AUC, it is shown as 99% or more for all classifications. In this case, the total operating
speed for 4000 data at the time of inference is approximately 2.47 s when using the CPU
and approximately 480 ms when using the proposed FPGA. Therefore, the operating speed
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for inference is approximately five times that of the proposed FPGA. In the case of FPGA,
because it is composed of a wearable system, the data transmission time to the server is
not required; therefore, a fast response time is guaranteed. Because security can be secured
in healthcare services, the application of edge devices using FPGAs is expected to be of
great help.
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Furthermore, fewer resources can be used by the pruning technique, although it is
not implemented in the current structure. When the pruning technique is used with 50%
sparsity, the accuracy is reduced by approximately 3%; hence, this option was not used.

Table 1 presents a comparison of the accuracy and response speed when performing
inference using FPGA and CPU. The CPU was Intel Core i7-7700HQ. In the case of accuracy,
test data were used. Thus, the EMG signal classification is possible using a small amount
of resources when using an FPGA. Security is enhanced, and a fast response time can
be acquired using FPGA. However, when using the HLS for hardware deployment, the
performance of optimization between the latency and resources is rather insufficient;
therefore, a more efficient implementation of the HLS should be considered in the future.
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Table 1. Comparison of accuracy for test data and response speed between CPU and FPGA.

Category Accuracy Inference Time (4000 Samples)

CPU 95% 2.47 s

FPGA, ap_fixed<24, 6> 95% 520 ms

FPGA, ap_fixed<22, 6> 94% 480 ms

FPGA, ap_fixed<20, 6> 86% 435 ms

FPGA, ap_fixed<16, 6> 18% 378 ms

EMG classification in real time has attracted considerable attention. In this regard, the
response time was approximately 200 ms in the case of the MYO armband and 0.2 ms in
the case of implementation with the MCU [46,47]. In this study, a response time of 0.12 ms
per sample was obtained using the parallel computation and light weight of the FPGA
(ap_fixed<22, 6>).

5. Conclusions and Discussion

The implementation of edge devices using EMG signals was studied. Among various
edge devices, FPGAs were considered because they can easily perform parallel computation
and can be implemented in ASICs in the future. In this case, owing to resource limitations in
the FPGA, optimization was performed on the structure that could maintain accuracy while
implementing the artificial neural network easily. For this, data augmentation was performed
on the EMG signal, and MODWT, which is capable of time and frequency domain analysis,
was used for the feature vector. In the case of convolutional and deep neural networks, the
structure was optimized to prevent the number of parameters from exceeding 10,000, and the
number of bits was optimized to maintain accuracy. Thus, HCI, disease diagnosis and user
authentication could be performed quickly and with low power using artificial intelligence
on a light-weight edge device. The implementation of wearable devices can contribute to
security enhancement. The main contribution of this study is the examination of the practical
applications of edge devices. However, to be grafted onto wearable devices, they must be
implemented using fewer resources. In future studies, a wearable system with a bio-signal
sensor system and edge device will be manufactured. This system will help the user’s self-
diagnosis at the desired time. Moreover, studies on Siamese or ensemble networks that can
learn with less data are planned. Simultaneously, the study plans to manufacture PPG and
ECG sensors to build a wearable system based on artificial intelligence.
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