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Nowadays, Electromyography (EMG) signal in the human body can be applied
to develop a variety of technologies in a medical field and others. Furthermore, the
diagnosis and detection for abnormal muscle development are very helpful to many
assistive devices to control orthosis [1]. EMG signal can specify the activity of the
muscles in each movement. So far there has been no a specific analysis on the ankle
movement via EMG signals. This thesis initiatively presents the study on ankle
movement to find the possibility of using EMG signals to control any assistive devices
[2-4].

Normally, the gait cycle is divided into two phases, stance phase and swing
phase. Each phase has two main muscles, Tibialis anterior muscle and Gastrocnemius
muscle. Stance phase is the area where the feet touch the ground or the body is balance
before walking. Gastrocnemius supports a body weight to help balance and control
plantarflexion. The function of both muscles is related to the gait cycle. The swing
phase involves the tipping of ankle using the control of both muscles. The experimental
setup is also performed according to the natural gait cycle. However, only the real-time
EMG signals are not successful to recognize the ankle movement.

Therefore, the use of spectrogram produced from EMG signals has been

introduced to indicate the activities of muscles especially for ankle movements.



The spectrogram consists of information of the frequency component of the
signal in differént times. The signal conversion both in time and frequency domains is
used to characterize the signals with frequency components that change over time.
Based on this spectrogram, this paper proposes the possibility to detect the ankle
movement by EMG pattern recognition. The EMG spectrogram indicates the amplitude
strength [5] on each movement in the gait cycle. The results in this thesis indicate that
the gap of time domain has a direct relationship with the angle of dorsiflexion. This

finding is very useful to further implement on the other assistive devices such as

prosthesis.
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RAW EMG Signal
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| 1n 3.8 Signal Transmitter Board
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Fut Foiden s1azRun

1 ImagelnputLayer sunailudaananaw
28x28x1
with zerocenter normalization

2 Convolutional 32 4x4 Convolutions with
stride [1 1] and padding [0 0 O
0]

3 ReLu Rectified
linear unit (ReLU) layer

4 Cross channel Normalization Cross channel Normalization

5 Max pooling 3x3 Max pooling with stride [3
3] and padding [1 1 1 1]

6 Dropout Dropout

7 Convolutional 16 3x3 Convolutions with
stride [1 1] and padding [0 0 O
0]

8 ReLu Rectified
linear unit (ReLU) layer

9 Cross channel Normalization Cross channel Normalization

10 Dropout Dropout

11 Fully Connected 2 Fully connected layer

12 Softmax Softmax

13 Classification Output Crossentropyex
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(1) Supply Voltage: +3.3V 5.5V
(2) Operating Voltage: +3.0V
(3) Detection Range: +/-1.5mV
(4) Electrode Connector: PJ-342
(5) Module Connector: PH2.0-3P
(6) Output Voltage: 077 3.0V
(7) Operating Temperature: 0 ™~ 50°C

(8) Size: 22mm*35mm (0.87inch*1.38inch)
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(1) Electrode Connector: PJ-342
(2) Wire Length: 50cm(19.69inch)

(3) Plate Size: 22 * 35 mm(0.87inch*1.38inch )
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2)
3)
4)
5)
6)
7
8)
9

Microcontroller : ATmega328P
Working voltage : 5V

CPU Frequency : 16MHz

TIO ports / PWM : 20/ 6
Analog inputs : 6

Input/Output Pins : 14

SPI : 4

External interrupts

TWI: 2

10) Vin: 7-12V
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Abstract. Walking is an important part of human lifa and controlled by many muscles.
Gart cyele 1= divided mto 2 phasaz, stance phaze and swmg phasze. The main muscles
that control both phasas are Tibialis anterior and Gastrocnemius. Both muscles work
together m different manners of ankle movements. This paper propozes the relationship
betwaen these two muscles and EMG signals that control the ankle in the gait cycle.
Also i this paper, the authors use a spectrogram to analyse the EMG performance of
two muscles that are consistent with the properties of the spectrogram, showmg the
energy value of the EMG signals.

Keyword: Gait cycle EMG zignals, Spectrozram Tibialis antarior, Gastrocnemius.

1. Introduction

Nowadaysz, Electromyography (EMG:; signal in the human body can ba applied to develop a varisty
of technologies m a medical field and others. Furthermore, the diagnosis and detection for abnormal
muscle development are very helpful to many assistive devices to control orthosziz [1]. EMG signal can
specify the actiaty of the muscles m each movement. So far thare has been 1o a specific analyzis on the
ankle movemant via EMG signals. This paper mitiatively prezents the study on ankle movement to find
the poszibility of usimg EMG zignals to control any assistive devices [2-4].

Nomally, the gait cyele 15 divided mto two phases, stance phasa and swing phazs. Each phase has
two main muscles, Tibializ anterior muscle and Gastrocnemius muscle. Stance phasa is the area where
the feet touch the ground or the body 15 balance befors walking. Gastrocnemius supports a body weight
to help balance and control plantarflexion. The function of both muscles is related to the walking cycle.
Tha swing phase mvolves the tipping of ankle using the control of both muscles. The i setup
15 alzo performed according to the natural walking cyela. However, only the real-time EMG sigmals are
not successful to recogniza the ankle movaments.

Therafore, the use of spectrogram produced from EMG siznals has been miroduced to mdicate the
activities of muscles especially for ankle movements. The spectrogram consists of information of the
frequency component of the ziznal in different times. The siznal conversion both in time and frequency
domains iz used to characterize the signals with frequency components that change over time. Bazad on
this spectrogram, this paper proposes the poszibility to detect the ankle movement by EMGpattem
recognition. The EMG spectrogram indicates the amplitude strength [3] on each movement in the
walking cycle. The recults in thiz paper mdicate that the gap of time domam has a direct relationship
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with the angle of dorsiflaxion. Thiz finding i= very useful to further implement on the other assistive
devices such as prosthesis.

2. Materials and Method=
2.1 Electromyography

The electrical measurements of muscles are performed using electronic devices. This work
employs 2 modules for making such 2 measurement. The first module iz the EMG zensor that can realize
an electrical signal generated from muscles. Thiz work uses Myoware muscle senzor [1] as shown in
Fiz. 1(2). The second module i= the processimgz umt as shown in Fig. 1(b). This microcontroller performs
as a collzctor through amplifier and analogus to dizital conversion commecting with EMG sensor.

Gnd powered. Warning: No isolotion,
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00 Ve e e
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(@) ®)
;igure 1. (3) Myoware muscle sensor and (b) Arduino wno R3

The Myoware muscle zensors are desigmed to be used dirsctly with 2 microcontroller.
Therefore, the primary output of sensor is not a RAW EMG signal but rather an amplified, rectified, and
integrated signal (AKA the EMG's envelope) that will work well with 2 microcontroller’s analog-to-
digital comverter (ADC). This difference iz illustrated balow using a presentatrve EMG signal as shown
mFig 2.

31

Figure 2. EMG signal, Rectified EMG signal and Rectified & Integrated EMG signal
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2.2 Gait cycle

Walking 15 the complex movement caused by the interaction of various parts of the body. In
this complex movement, the authors refar to gait pattams that correspond to both time and distance
combined mto 2 walkmg cycle. Gait cycle means one cycle or time that occurs while walking begins
with the heal of one leg touchmg the floor until the end of the hesl of that lez touching the ground azain.
This cycle 15 divided into 2 phases, stance phase and swing phase. Stance phase is the time when the
feet touch the zroumd. Swing phase iz the time when the faet do not touch the zround. Both phazes are
illustrated in Fig 3.

a .o Swing Phase 4
I
\tli’ l‘JJ
d
‘\\ '\l
IJ :
f f
[ — R
- :""‘:‘ . P — ;_.'::‘ - Segle umyot =
Figure 3. Gait cycle

From the walking cyele, 1t is found that the limitations of entering the phase in different ages.
For chuldren in 1-7 years, the walking pattern is not normal. At the age of 7-9 years, the walking pattems
are more similar to adults, but the weight and tilt of the ankles also have limitations in the body.

2.3 Dorsiflexion and Plantarflexion

The gait cycle can specify the operation of the muscles i 2 parts as shown i Fig 4. During
the stance phase. the Gastrocnemms muscle actively works, while durmg the swing phase both Tibialis
and Gastrocnemius actively work [2]. In addition, by looking in the detailz of ankle movements, Tibialis
actively works when the ankle tilts up and tilts down whila Gastrocnemius actrvely works as much as
the strength of the muscles work as well.

—  Iihiales antenoc — Gasmcenenuus

i

(a) ) O]
Figure 4. (3) Tibizlis Anterior Muscle (b) Gastroenamius Muscle and (c) Dorziflexion & Plantarflexion

103



2.4 Senzor position

From the poszition of the musclas that are used to control the ankle, the authors place the sensor
in 2 plane level with that muscla to prevent disturbance of other muscles and place a grounding electrode
on the bone to zerve as a reference to the EMG zignals. The measured position of each sensor is
approximataly 2.5 centimetres apart from sach other.

(@ ()
Figure 5. The pozition of placing sensors for () Tibialis antenior and (b) Gastrocnemius

3. Rezultz and Discussions

From the expermments, the measurements of EMG ziznals for two muscles were divided mto
2 experiments. The first experiment was to test the anzle of ankle movements. There are 3 steps for
changing angle of ankle movements as definng by dorsiflexion 10 20 and 30 degrees. The second
experiment was to test the forward and backward walking. According to the walkmg style and the
walkang cycle, ankles can normally be dorsiflaxion up to 30 degraes and plantarflexion up to 43 degress
or tiptoe. Hence, in this paper the walking was parformed only 30 degrees

Experiment 1: The anzle of Dorziflexion for changing ankle movements 15 zet to 10, 20 and 30 degrees.
The results of EMG =ignals and spactrograms are shown in Fiz. 6, 7 and 8 The EMG signals can show
some relationship with the chanze of ankle degrze. The amplitude of EMG signals iz ralated to the ankle
movements. From Fig. 6 Dorsiflexion 10 dagrees shown amplitude 1.6 mv Fig. 7 Dorziflexion 20
degreas shown amphituda 2.3 mv Fiz. 8 Dorzsiflexion 30 degrees shown amplitude 3.1 mv However,
this finding 15 mora pronounced when using spectrogram analysiz. When the ankle dezree increasss, the
intensity of the Tibializ antarior signal is also wider. In tum, the amplitude mereasas a little in casze of
Gastrocnemius.

Experiment 2: Forward and backward walking have been measured and the results are shown in Fiz. §
and Fig. 10, respectivaly. The forward and backward motions when feet are up and down within the
walking cycle are mvestizated by EMG signals and spectrograms. Tha results show that during the
forward movement Tibialis antarior muscle actively works first with amplitude 3 mv. Then, after passing
the midstance to the termmal stance, Gastrocnemiuz muscle actively works instead wath amplitude 3.1
mv. This investigation iz also happened for plantarflexion.
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4. Conclusion

This work prasents the relationship between EMG patterns and the responses of two muscles
according to ankle movements. The activitiez under zait cycle have been discussed. The results reveal
that the mechanizm of different museles in 2ach phase of the gait cycle can be usad for analyzing the
EMG pattemns. Both muscles, Tibialis anterior and Gastrocnemius, work together at different time
throughout the walkmg cycle. The finding of this work also demonstrated that the spectrograms can be
helpful to indicate the angle of ankle movement as well az walking activities. in a future work to be
applied a spectrogram to Convolution Neural Network so that suitable for analysis image data.
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