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for Detecting Muscular Activities Based
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Abstract—Recognition of human gestures plays an important
role in a number of human-interactive applications, such as mobile
phones, health monitoring systems, and human-assistive robots.
Electromyography (EMG) is one of the most common and intuitive
methods used for detecting gestures based on muscle activities.
The EMG, however, is in general, too sensitive to environmental disturbances, such as electrical noise, electromagnetic signals,
humidity, and so on. In this paper, a new method for recognizing
the muscular activities is proposed based on air-pressure sensors
and air-bladders. The muscular activity is detected by measuring
the change of the air pressure in an air-bladder contacting the
interested muscle(s). Since the change of the air pressure can be
more robustly measured compared with the change of electric signals appeared on the skin, the proposed sensing method is useful
for mobile devices due to its great signal-to-noise ratio (SNR) and
fast response time. The principle and applications of the proposed
sensing method are introduced in this paper. The performance of
the proposed method is evaluated in terms of linearity, repeatability, wear-comfort, etc., and is also verified by comparing it with an
EMG signal and a motion sensor.
Index Terms—Electromyography (EMG), gesture recognition,
mechanomyography (MMG), mobile phones, wearable device,
wearable sensors.

I. I NTRODUCTION

A

S MOBILE devices are entering into our daily lives more
closely than ever, various input devices have been developed for the users to operate such devices in a more natural and
comfortable way. Since Apple Inc. introduced the iPod Touch in
2007, almost every mobile device has adopted capacitive sensing touch screens as an input device. Also, the Wacom tablet
and its electronic pen used to be a very special input device
only for graphic designers, but nowadays lots of smart phones
are adopting the electronic pens, as well as touch screens, as
an input unit (e.g., the Optimus Vu with a Rubberdium Pen
of LG Electronics Co. and the Galaxy Note series of Samsung
Electronics Co.).
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Meanwhile, the advance of mobile devices has also caused
lots of social and clinical problems. There are many reports
that the smart phones increase the incidence of various accidents. For example, Governors Highway Safety Association
(GHSA) reported that distractions due to smart phones have
contributed to a quarter of the automobile accidents in the
United States in 2011 [1]. Moreover, a number of clinical problems, the so-called smartphone syndrome, are becoming one
of the most frequent syndromes recently. In order to solve
these critical problems, there is an increasing need of a wearable gesture recognition system for minimizing the distraction
by mobile devices and for unconsciously operating the mobile
systems.
One way of addressing these issues is to detect the human
intention by monitoring the user’s muscular activities. For this
purpose, electromyography (EMG) is noteworthy. The EMG
sensor is commonly used to recognize the human intention
because it measures the electric potential to activate the muscle by electrodes attached on the skin. Theoretically, the EMG
signals are measured in advance to the muscular activation,
which renders a huge advantage of EMG in various applications, in particular, assistive robotics [2]. There are a number
of research teams that investigated on the EMG as an input
device. Liu, NASA Ames Research Center, Khezri and Jahed,
and Oonishi et al. used the EMG sensors for recognizing the
intention of an operator [3]–[6]. Zhang et al. used the EMG
sensors for neural–machine interface [7]. Thalmic Labs Co.
developed a gesture recognition device, the Myo, which is an
armband bracelet that measures EMG signals to control digital devices [8]. However, the electric potential of muscles is, in
general, too sensitive to electric noise, because the magnitude
of the electric potential is in the range of submillivolts, which
is significantly small compared to the electric noise induced by
wall-electricity. In addition, it requires an amplifier circuit that
includes a voltage follower and a differential amplifier, which
makes the electrodes or peripherals slightly bulky. Furthermore,
time delay occurs because of signal processing processes to
obtain an envelope curve reducing the noise. This unavoidable delay quenches the biggest advantage of the EMG signals
and these complex processes increase the price of commercial
EMG sensors. Another drawback is that it needs to be directly
attached on the skin. These factors make the application of
EMG challenging to mobile devices.
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An alternative way to detect the muscular activities is
mechanomyography (MMG), which measures mechanic signals during muscular contraction. The muscular activity is
observed by mechanical vibration, which is generated by the
tremor of each muscle fiber. The MMGs based on an accelerometer [9]–[11] and a microphone [12], [13] are commonly used.
Comby et al. proposed an MMG-based monitoring device,
which measures the degree of tremor [9]. Zheng et al. recognized hand-motion patterns by the MMG [10]. Alves et al.
and Courteville et al. recognized the forearm muscular activity based on the MMG [11], [12]. However, the MMG based
on an accelerometer can be used only when the magnitude of
acceleration is distinguishable compared to the gravity acceleration and the motion acceleration. The MMG based on a sound
transducer is reliable only in a silent space.
There are also researchers who measured muscular activities
by force-sensitive resistors (FSRs). Lukowicz et al. proposed
wearable force sensors and evaluated the muscular activity
[14]–[16]. Since the muscle contraction involves not only the
longitudinal elongation, but also the expansion of its crosssectional area, it is possible to detect the muscular activity by
monitoring the swelling of muscles by force sensors. However,
although the FSR measurement is robust to noise compared to
the other biosignal measurements, the output voltage of FSR
sensors is nonlinear because of the relationship between an output voltage and the resistance [14]. In addition, the FSR is a
thin film, similarly to a strain gauge, and thus an input device
with FSRs should become rigid, which causes discomfort in
wearing.
In this paper, a muscular activity recognition system consisting of air-pressure sensors and air-bladders is proposed,
as shown in Fig. 1. Although there are input devices that
recognize human motions such as human gait phase [17] or
muscular stiffness [18] using pressure sensors, these devices
are not for recognizing the gestures. The principle of measuring the muscular activity is similar to the method with
FSRs, but the proposed method provides significantly improved
wear-comfort, reliability, linearity, and durability. Moreover,
the proposed method is free from humidity, and it does not need
to be attached on the nude skin, which provides superior advantages in the practical point of view. The detailed measurement
principle, signal processing, and applications are introduced in
this paper. For the verification of the proposed system, comparative experiments were also carried out with a commercial
EMG sensor and motion sensors.

II. M EASUREMENT M USCULAR ACTIVITY
BY A IR -P RESSURE S ENSORS , P MMG
A. Muscle Contraction and Gesture Recognition
In muscle contraction, there are three different types: 1) isometric; 2) concentric; and 3) eccentric contractions. The characteristic of the isometric contraction is that there is no change
in the muscle length. An example of the isometric contraction is
maintaining a posture or holding an object. Although the muscles generate forces to maintain the posture or to hold the object
against the gravity, the lengths of the muscles do not change

Fig. 1. Unit of an air-pressure sensor and an air-bladder. (a) Schematic plot.
(b) Fabricated sensor unit.

because the joint motion is stationary. On the other hand, in the
concentric contraction, the muscular force is generated while
the length of the muscle is shortened. For example, when a
human lifts up an object, the associated muscles generate muscular forces and their lengths are shortened. In the eccentric
contraction, the length of the muscle lengthens while generating muscular forces. The simplest example of an eccentric
contraction is lowering a heavy object in a biceps curl.
Gestures or motions occur if the lengths of the muscles
change. Therefore, the eccentric and concentric contractions
of muscles result in or are resulted from motions. In order to
recognize gestures for operating mobile devices, the eccentric
and concentric contractions of muscles should be measured by
an appropriate method. In contrast, an isometric contraction
should not be measured for gesture recognition, because the
isometric contraction is not related to the gestures or motions.
However, EMG, which is commonly used for recognizing gestures, measures all the three types of contractions [19], and thus
a gesture recognition device based on the EMG may require
an additional signal processing to distinguish the isometric
contraction from the other two meaningful contractions.
The mechanism of muscle contraction is often explained by
the sliding theorem [20]. A muscle consists of muscle bundles, and the muscle bundles are made up of muscle fibers.
The muscle fibers are divided into myofibril, and the myofibril
can be subdivided into sarcomere. Every sarcomere is separated
by Z-disks, as shown in Fig. 2(a). The center of the Z-disk
is called the M-line. The Z-disk and M-line are connected to
the actin filament and myosin. The part that is overlapped with
actin filament and myosin is called the A-band. In a concentric
contraction, the actin filament moves into the myosin layers,
such that the lengths of the H-zone and I-band are shortened,
which results in the change of the muscle length, as shown in
Fig. 2(b). In an eccentric contraction, actin filament moves out
of the myosin and the length of the muscle lengthens. It should
be noted that the concentric and eccentric contractions involve
overlapping and separating of the myosin and actin filament,
which changes not only the length of the muscle, but also its
cross-sectional area.
On the other hand, the change of cross-sectional area is not
significant in the isometric contraction compared to the other
contraction types. Namely, the muscles in an isometric contraction do not swell as much as those in a concentric or eccentric
contraction. Therefore, if the mechanical movements of muscles are measured by observing the swelling of the muscles, it
may be possible to distinguish the isometric contraction and to
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Fig. 3. Assumptions for developing the proposed sensing method. (a) Muscletendon model. (b) Cross-sectional area.

By the first assumption, the muscular force transmitted
through a tendon can be calculated as
Fig. 2. Structure of sarcomeres in (a) relaxation and (b) contraction.

recognize gestures directly without any other additional signal
processing methods.

B. Principle of pMMG
In order to detect the swelling of muscles in a reliable and
convenient way, pressure-based MMG (pMMG) is introduced
in this paper. The proposed system consists of air-pressure sensors and air-bladders. Each air-bladder is sealed and connected
to an individual air-pressure sensor, as shown in Fig. 1. The
air-pressure sensor measures the change of air pressure in the
air-bladder.
It is intuitive that the muscular activity can be observed by
the proposed sensor unit, because the swelling of muscle will
influence the air pressure in an air-bladder in any case. In order
to clarify the relationship between the muscular force and the
measurement by the proposed method, the force transmission
relationships are analyzed based on the following assumptions.
1) Muscles are rigid and are connected to elastic tendons that
have the spring constant of k, as shown in Fig. 3(a).
2) The total volume of each muscle is always remained the
same.
3) Every muscle has a cylindrical shape with uniform crosssectional area.
4) The air-bladders are placed in a durable cover housing
(e.g., tough fabrics), so that the total cross-sectional area
of all the air-bladders and muscles is constant.
5) Moreover, the air-bladders do not move around, such that
the total cross-sectional area of a set of an air-bladder
and corresponding muscle group is constant, as shown in
Fig. 3(b). Namely, Ab + Am is constant, where Ab is the
cross-sectional area of an air-bladder, and Am is that of
the corresponding muscle group. This condition is reasonable if the proposed sensing method is enclosed in a
high-frictional fabric and a rigid housing.

fmuscle = −kdx

(1)

where dx is the change of the muscle length. The total volume of each muscle can be calculated by multiplying the
cross-sectional area and the length of the muscle, i.e.,
V = Am x.

(2)

Since the total volume of the muscle does not change by the
second assumption, V is constant. If the length or the crosssectional area of the muscle changes, V = (Am + dAm )(x +
dx), where dAm is the change of the cross-sectional area. Thus,
the changes are related by
dx = −dAm

x + dx
x
≈ − dAm
Am
Am

(3)

where x + dx has been approximated as x for simplicity
because the change of the muscle length dx is not significant
compared to the muscle length x. Substitution of dx in (3) into
(1) yields
x
fmuscle = k
dAm
(4)
Am
which implies that the magnitude of the muscular force is
approximately proportional to the change of the cross-sectional
area.
By the fifth assumption, dAb = −dAm , where dAb is the
change of the cross-sectional area of an air-bladder. If the air
in the air-bladder is assumed to be ideal, it follows the ideal gas
equation, i.e.,
Pb Vb = Pb Ab lb = nRT

(5)

where lb is the length of the air-bladder, n is the mole number
of the gas in the air-bladder, R is the gas constant, and T is the
absolute temperature. Notice that the right-hand side is constant
if the temperature change is ignored. Moreover, if the length
is constant, and
change of the air-bladder is neglected, nRT
lb
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thus Pb Ab is constant. If the pressure and cross-sectional area
change due to the swelling of muscles, it follows:
(Pb + dPb )(Ab + dAb ) =

nRT
.
lb

(6)

Organizing (5) and (6), a relationship between the changes in
the cross-sectional area and applied pressure is obtained, i.e.,
−dAb =

dPb (Ab + dAb ) Ab
≈ dPb
Pb
Pb

Fig. 4. Illustration of the air-bladder and cover.

(7)

where Ab + dAb has been approximated as Ab for simplicity
because the change of the cross-sectional area dAb is negligible
compared to the cross-sectional area of the air-bladder. Noting
dAb = −dAm and substituting (7) and (3) into (1), the muscular force can be approximately calculated from the air pressure
in the air-bladder as
fmuscle =

kAb x
dPb .
Am Pb

(8)

Notice that the coefficient is constant, because k, Pb , Ab , x, and
Am are all constant parameters. Therefore, (8) shows that it is
possible to detect the muscular activity by measuring the air
pressure in an air-bladder contacting the muscle. The following
characteristics should be noted from (8).
1) It is a static relationship, i.e., there is no dynamic effect
that may cause hysteresis in the measurement.
2) It is a direct measurement of the muscular force; unlike
the EMG, no further signal processing is necessary.
bx
) is dependent on the instal3) The coefficient (i.e., AkA
m Pb
lation of the sensors. For example, if the sensor band is
tightly attached, Pb is high and the coefficient is changed.
Therefore, it is necessary to measure the level of the maximum voluntary contraction (MVC) for each trial and to
normalize sensor signals by the MVC.
III. P ERFORMANCE OF P MMG
A. Experimental Setup
An air-bladder is made of polyvinyl chloride (PVC) films,
the size of which is 35 mm × 40 mm. In the middle of the rectangular, a tube plug with the inner diameter of 3 mm is installed
for connecting an air-pressure sensor, as shown in Fig. 1(b). The
outer diameter of a nipple of the air-pressure sensor is slightly
larger than 3 mm, so that a sensor unit is completely closed and
sealed.
For durability, a rigid cover is installed in the sensory band.
Fig. 4 shows the illustration of the sensor unit. The rigid cover
does not only protect the sensor unit from any impact or collision from outside, but also make the outer diameter of the
armband constant.
A data acquisition board, NI-9205 and WLS-9163 of
National Instruments Co., was used to measure the air pressure
signals. The input range of the board was ±10 V. The measured data were transferred to a computer via the IEEE 802.11
(Wi-Fi) network. The sampling frequency was set to 1 kHz.
Six sensor units are enclosed in a sensory band and cover in
order to observe the activities of representative muscles in the

Fig. 5. Sensory band. (a) Fabricated sensory band. (b) Location of air-bladders
and electrodes.
TABLE I
L OCATION OF M USCLES AND ROLES

forearm, as shown in Fig. 5. For verification purposes, EMG
sensors are also attached in some cases. Since the proposed
sensory band in Fig. 5(a) consists only of air-bladders and lightweight air-pressure sensors, it is comfortable to wear and is as
light as 158 g including circuits and battery. The battery maintains the power continuously for at least 8 h. The material of the
armband was selected to polyurethane, which has elasticity and
frictional surface. In order to be worn tightly, the circumference
of the armband was slightly smaller than the external diameter
of the forearm, which does not cause any discomfort because
polyurethane has elasticity. The numbers in Fig. 5(b) represent
the locations of muscles, as in Table I. For example, the sensor unit labeled as (1) is installed at the location of the flexor
carpi ulnaris muscle, which mainly contributes to the flexion
and ulnar deviation of the wrist. It should be noted that the six
sensor units are installed at each of the muscle groups closely
related to hand gestures.

B. Comparison With EMG Signals
The proposed sensing method is first compared with the
EMG signals, which may be the most intuitive and common
method for measuring the muscle activities. For this purpose,
a certified commercial EMG sensor, WEMG-8 of Laxtha Co.,
was utilized. The WEMG-8 has eight EMG electrodes and is
equipped with 2.4-GHz wireless transceiver. A bandpass analog filter is embedded in the EMG electrode unit, which has the
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TABLE II
C ROSS -C ORRELATION R ESULTS IN F IVE E XPERIMENTS

Fig. 6. Experimental results of the proposed pMMG and EMG sensors. (a) Raw
EMG signal. (b) Comparison of the pMMG signals with the filtered EMG
signals.

frequency bandwidth of 13 and 430 Hz. The sampling rate of
the EMG signal was 800 Hz.
Fig. 6 shows the pMMG and EMG measurements measured
at the same time. The magnitude of MVC was measured prior
to the experiment, and both the pMMG and EMG signals were
normalized by the MVC value. The raw EMG signal is noisy,
as shown in Fig. 6(a), and thus additional signal processing
(e.g., rectification and lowpass filtering) is required. In order to
obtain the envelope curve A(n), a bandpass filter was required.
For obtaining meaningful data, the frequency bandwidth of the
bandpass filter was selected to 0.01–2 Hz. Bandpass filter consists of second-order lowpass filter and highpass filter, which
have cutoff frequency of 2 and 0.01 Hz. The highpass filter was
designed to remove the bias of the EMG sensor. The cutoff frequency of the lowpass filter was determined based on a fact
that the general motion of the hand gesture does not exceed
2 Hz. The notch filter also was designed and applied to reduce
60 Hz noise because the 60-Hz noise generated by alternating
current of wall electricity is a significant noise. The lowpass
filtering, however, introduces undesired phase delay, and thus
the processed signal becomes slightly delayed compared to the
proposed pMMG, as shown in Fig. 6(b).
The response time was measured by the cross-correlation
function between the EMG and the pMMG signals [21]. The
cross-correlation function measures the similarity of two signals. The equation of the cross-correlation is expressed as
follows:
C(m) =

L−m
n=1

A(n + m)B(n)
.
AB

(9)

It is also called a sliding dot product, because it compares two
signals by overlapping one sample at a time. m ∈ (−L, L) is
the time difference between the two signals and L is the number of data sample, which depends on the experiment time. If
the relation between the two signals coincides exactly, the magnitude of the C(m) is 1 for some m. Therefore, a delay can

be measured by the difference of the samples when the magnitude of C(m) is the maximum. A(n) in (9) is the filtered EMG
sensor signal, and B(n) is the pMMG signal.
Table II shows the calculated cross-correlation values for
five different experimental data. The experiments were performed with one subject and the same gesture (i.e., flexion
of the fingers). The positive m value means that the pMMG
signal was appeared in advance to the EMG signal. The average cross-correlation value between the EMG and the pMMG
signals was 25.25 ms, which implies that the pMMG signal
appeared 25.25 ms in advance. This time delay of the EMG
signal might be mainly due to the signal filtering. Although
both the raw EMG and pMMG signals appeared on time, the
pMMG did not require any signal processing except the scaling,
while the EMG signal must be processed to obtain the desired
information (i.e., the envelope curve).
For quantitative comparison about the robustness of the
noise, signal-to-noise ratio (SNR) is calculated. The root mean
square (rms) SNR of the raw EMG signal was 0.72 percentile,
while the rms SNR of the raw pMMG signal was 10.13 percentile, which means that the raw EMG signal was about 14
times noisier than the pMMG signal. The SNR is calculated as
follows:
SNR =

RMS(sf )
RMS(sf )
=
RMS(sr − sf )
RMS(sn )

(10)

where sf is filtered signal, sr is raw signal, and sn is an estimated noise of the system. The filtered signal was obtained
using two filters. One is the second-order 60-Hz notch filter.
The other one is a zero-phase lowpass filter (using filtfilt.m
function of MATLAB). The cutoff frequency of the lowpass filter was 2 Hz. Since the noise is removed by these two filters and
delay is almost zero, filtered signal is assumed to be an ideal
signal. Therefore, raw signal minus filtered signal was treated
as the noise of the sensors.
C. Comparison With Motion Sensors
Although the response time of the pMMG method is verified
with the EMG method in the previous section, it is still necessary for the pMMG method to be verified by motion sensors
to be an effective means of gesture recognition. For quantitative comparison, an experiment was performed to evaluate the
response time of the proposed system compared to actual gestures. The output signal of the proposed system was compared
with those of inertial measurement units (IMUs). The IMUs
were attached to measure the angle of the wrist. Namely, two
IMUs manufactured by E2Box Company were used to measure
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Fig. 7. Experimental result of comparison of the pMMG signals with the IMU
signals.

the relative angle of the wrist joint, whereas the proposed sensor unit was used to measure the muscular forces for moving
the wrist joint. The subject was asked to perform flexion and
extension of the wrist continuously and repeatedly, as shown in
Fig. 7.
The time delay of the proposed system was quantitatively
compared by a cross-correlation method, as in the previous
section. The sampling rates of the all sensor systems were
100 Hz. For acquiring reliable data sets, each experiment was
performed 10 times. The average value of the time delays
between the motions measured by the IMUs and the muscular
forces detected by the proposed system was 17 ms. Note that
the proposed system was able to measure the muscular force
in advance to the change of the wrist angle, because the muscle contraction (which can be measured by the pMMG sensor)
happens in prior to the motion of the wrist (which is measured
by the IMU sensor).

D. Linearity
From the measurement principle derived in Section II, it is
expected that the air pressure measurement is proportional to
the muscular force. In practice, however, there are many factors that conflict with the assumptions in Section II, and thus,
an experiment was carried out for verification of the linearity. A
human subject was asked to grasp a handgrip that resists with a
constant tension while measuring the pMMG signals. The magnitude of MVC was measured for each trial. Five handgrips
were used to test the proposed method with five different muscular forces; the tensions of the fives handgrips were 10, 12, 20,
22, and 25 kgf.
Fig. 8 shows the linearity test results. All the six representative muscle groups in Table I are involved in generating the
grasping force, and thus, every sensor output is used to observe
the linearity of the proposed method. The experiments were
repeated in the same condition only except the handgrip tensions. The subject repeated the same experiment (i.e., the same
handgrip tension) 10 times, and the average and standard deviation values are shown in Fig. 8. Although the curve fits of the

Fig. 8. Linearity of the pMMG.

experimental data show different offsets, which might be due to
different tightness of installation, the slopes of the curve-fitted
lines were close to linear, as shown in the figure. Namely, the
pMMG signal increases in proportion to the magnitude of the
applied pressure (i.e., the muscular force).

E. Repeatability
As a sensor unit, it is important to exhibit good repeatability. In this section, the repeatability of the proposed pMMG
method is verified. The subject was asked to repeat the flexion
of the fingers continuously while griping a handgrip of 20 kgf
and measuring the level of muscle contractions. Fig. 9 shows
the experimental result. Notice that the same signal pattern was
observed for all the motions. In addition, the peak values of
repeated signals obtained from the six sensor units were measured, and their average and standard deviation were compared,
as shown in Fig. 9(right). For example, the sensor unit located
at (6) showed the average peak value of 78.49 and the standard
deviation of 2.55, all in terms of the percent MVC. The standard deviations were very small compared to the average peak
values, which verifies that the proposed sensing method is able
to measure the muscle activity accurately.
It should also be noted that the standard deviation is
increased in proportion to the magnitude of the peak values,
as shown in Figs. 8 and 9. For example, when the peak values were as large as 78.49 percent MVC [i.e., the sensor unit
located at (6) in Fig. 9], their standard deviation was 2.55. On
the other hand, when the peak values were 4.49 percent MVC
[i.e., the sensor at (4) in the figure], their standard deviation
was 0.3223. This implies that the inaccuracy is mainly related
to by the uncertainty in the relationship between the magnitude of longitudinal muscular force and the pressure laterally
transmitted to the air-bladder.
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Fig. 9. Repeatability of the pMMG.

Fig. 10. Activities to be recognized. (a) and (b) Flexion and extension of the
wrist. (c) and (d) Flexion and extension of the fingers. (e) and (f) Radial and
ulnar deviation of the wrist.

IV. G ESTURE R ECOGNITION
The performance of each sensing unit was verified in
Section III. In this section, it is checked if the hand gestures
can be observed by the proposed sensing method. In particular,
it should be checked if different hand gestures result in different signal patterns, since the swelling of a muscle group may or
may not influence the pressures of adjacent sensing units at the
same time. Various methods can be applied for gesture recognition, and one example based on fuzzy logic is introduced in
this paper as follows.
The human subject was asked to perform six representative
hand gestures, as shown in Fig. 10: the flexion and extension of
the wrist [(a) and (b) in the figure]; the flexion and extension of
the fingers [(c) and (d)]; and the radial and ulnar deviation of the
wrist [(e) and (f)]. These hand gestures are anatomically related
to different muscle groups, as in Table I, and thus theoretically
they should be able to be observed by the proposed sensor units
located on the characteristic muscle groups.
Fig. 11 shows the normalized peak values during the six
hand motions. In order to compare the six signal patterns more
objectively, the signals in each set of the signal patterns was
normalized by the maximum value of the sensor signals for
each hand gesture. It should be noted that the expected patterns

Fig. 11. Signal patterns during the six hand gestures. (a)–(f) Match those in
Fig. 10.

were observed by the proposed sensing method. For example,
when the finger was in flexion [see Fig. 11(c)], the sensor unit
located at (2) showed the largest measurement value, which
was located at the muscles related to the flexion of the finger, as in Table I. Similarly, when the finger was in extension
[see Fig. 11(d)], the sensor at (5) measured the largest value, as
expected in the table. This verifies that the hand gestures can be
detected by the proposed sensing method.
Unlike the EMG, the proposed pMMG does not have to be
attached on the nude skin. Since it is possible to observe the signal patterns even on a cloth, the proposed method is very useful
and convenient to use in practice. Fig. 11 also shows signal patterns measured on the nude skin and on a cloth. It should be
noted that the signal patterns obtained on the nude skin (continuous line in Fig. 11) and though the cloth (dashed line in
Fig. 11) are similar, which means that the proposed sensory
band can be worn on a cloth.
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A. Auto-Calibration
The location of the muscles and the change of the crosssectional area are all different for each person. For this reason,
an auto-calibration process is necessary. Note that the coefficient in (8) is dependent on the user’s physical condition (e.g.,
the volume of muscles, the circumference of the forearm, and
so on) and wearing conditions (e.g., the tightness of an armband, the presence of a cloth between the skin and the sensor,
and so on). In the experiments of this paper, every subject was
asked to squeeze as much as possible, so that the muscles were
maximally contracted. During the execution, the level of MVC
was measured for each muscle for normalizing sensor signals.
The auto-calibration process greatly reduced uncertainty in the
scaling factors for each trial and improved the success rate of
the gesture recognition.

Fig. 12. Fuzzy membership function.
TABLE III
RULE BASE OF F UZZY L OGIC

B. Fuzzy Logic: Signal Normalization
For autonomous gesture recognition in real time, the patterns
in Fig. 10 are represented as recognition rule bases, and fuzzy
logic is utilized to recognize the current gesture. The membership functions of the proposed fuzzy recognition algorithm
are the functions of the pressures measured by the air pressure
sensors and are calculated as follows.
When the sum of the air pressure measurements is larger than
a threshold, all the measurement values from six air pressure
sensors are normalized by the largest value output among them.
Otherwise, all the measurement values are set to 0. By this normalization, the measurement of the sensor unit is converted to
the ratio of the air pressure, which is ranged from 0 to 1. This
normalization scheme is formulated as
 y (k)
6
i
, if i=1 yi (k) ≥ λ
(11)
y¯i (k) = max(yi (k))
0,
otherwise

N/A: Not applied

Equations (12)–(14) are the definitions of three membership
functions with these parameters

1
(1 − tanh(si (y¯i (k) − i + αi ))), for y¯i (k) < i
li (k) = 2
0,
for y¯i (k) ≥ i
(12)

1 − li (k), for y¯i (k) < i
(13)
mi (k) =
1 − hi (k), for y¯i (k) ≥ i

0,
for y¯i (k) < i
hi (k) = 1
2 (1 + tanh(si (y¯i (k) − i − αi ))), for y¯i (k) ≥ i .
(14)

where yi (k) is the measurement of ith sensor at kth sampling instance, y¯i (k) is the normalized magnitude, and λ is a
threshold value.

All the parameters i , αi , and si were determined through
optimization with experimental data, i.e., the parameters are
optimized to minimize the two-norm error of the gesture recognition results.

C. Fuzzification

D. Rule Bases

The membership functions are designed as hyperbolic tangent functions of the normalized pressure values. Each air
bladder has three membership functions: 1) a low phase membership function; 2) a middle phase membership function; and
3) a high phase membership function. The output of each function represents the likelihood of the air pressure measurement,
i.e., pMMG, to be in each phase, i.e., low, middle, and high.
These membership functions are illustrated in Fig. 12. As in
Fig. 12, the shape of the membership function is specified by
three parameters: 1) i ; 2) αi ; and 3) si , where i specifies the
normalized signal value for the middle membership function to
be 1, αi specifies the range where the middle membership function has values higher 0.5, and si determines the slope during
transition, which is related to the sensitivity of the hyperbolic
tangent.

The rule base of the fuzzy logic is designed as in Table III
based on the membership functions. The rule base was mainly
determined by the role of muscles for each gesture and the
air bladders corresponding to the muscles. For example, in the
case of finger flexion, the rule base for the air-bladder at (3) is
designed as high phase since the role of flexor carpi radials is
critical, and the rule bases for the air-bladders at (2) and (4) are
designed as middle phase since the flexor digitorum and extensor carpi radials are to be effected by the expansion of flexor
carpi radials.
The fuzzy membership value μi , which is the likelihood of
each gesture, is calculated by the Larsen product implication
method [22]. Larsen product implication method is represented
by the production of membership functions. The order of the
subscripts of the membership function value is the same as in
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TABLE IV
S UCCESS R ATE OF R EAL -T IME G ESTURE R ECOGNITION FOR D IFFERENT
S UBJECTS

TABLE V
I NFORMATION OF THE S UBJECTS

Fig. 13. Result of fuzzy logic.

Fig. 10. For example, the membership function value for wrist
flexion is
μ1 (k) = m1 (k)h2 (k)h3 (k)l4 (k)m5 (k)m6 (k).

(15)

In the case of radial deviation, the air-bladder at (5) is not considered because the pMMG at (5) is not associated with motions
of the forearm. Therefore, the fuzzy membership value of the
radial deviation is calculated as
μ5 (k) = m1 (k)l2 (k)l3 (k)h4 (k)m6 (k).

(16)

Fig. 13 shows the result of the proposed fuzzy gesture recognition algorithm. The first graph shows the measured pressure
signals of each sensing module. The areas are stacked to show
the contribution of each sensor. These measurements are normalized by the maximum pMMG as in (11), and the second
graph shows the normalized pressure values.
The fuzzy membership values μ1 –μ6 of the proposed fuzzy
logic based on the normalized pressure value are given in
Fig. 13, where the fuzzy logic can recognize six different gestures during consecutive experiments. The subject was asked
to perform hand gestures in the same order as shown in
Fig. 10(a)–(f). Each sections are separated by the dotted line
in the figure. The reference gesture recognition values are the
dashed line in Fig. 13. Since the subject was asked to perform
six gestures five times in order [in Fig. 10(a)–(f)], the reference
gesture recognition value was determined every five sections,
which were judged as occurred motion (i.e., the sum of the air
pressure signals is larger than threshold at every instance) in
order.

In the case of the wrist extension, although the first motion
was recognized only in narrow range, the gesture is recognized
successfully. In the case of the wrist flexion and the finger
flexion, the pMMG was large, which means the change of crosssectional area was evident. In the case of the wrist extension and
the finger extension, the pMMG was small since the gesture
was an inconvenient gesture. Therefore, the duration of the normalized pressure value was small, and these gestures were also
sensitively affected by forearm motions. For this reason, the
success rate of the gesture recognition of the finger extension
was lower than other gestures.
Notice that the proposed fuzzy logic did not recognize any
gesture in the area (A) even though the air-bladders measured
certain pressures, which implies that the proposed recognition
algorithm filtered out such gestures that are different from the
representative gestures defined in Fig. 10.
E. Gesture Recognition of Multiple Users
In order to verify the performance of the proposed sensing method and its application to gesture recognition, gesture
recognition experiments were carried out for six different subjects, including different ages and sexes. Each person tried more
than 10 times for each set of experiments. The experimental
results for the multiple subjects are in Table IV. The average
value of the success rates of gesture recognition was as high
as 90%.
V. C ONCLUSION
In this paper, pMMG was proposed to overcome the limitations of EMG in detecting the muscle activities and recognition
of hand gestures. The proposed sensing method consisted of
air pressure sensors and air-bladders, and thus, it was cheap,
light, and convenient to use. The pMMG measured the pressure
change in the air-bladder, which was induced by the swelling
of muscles during voluntary contractions. The performance of
pMMG, such as repeatability and linearity, was verified by
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experiments in this paper. Also, it was shown that the six representative hand gestures could be detected by a fuzzy logic
algorithm automatically. An auto-calibration made the overall
system more robust. The performance of the proposed gesture recognition system was verified with multiple subjects by
checking the success rate of gesture recognition.
In the future work, an IMU will be utilized to remove the
effect of the forearm motions for improving the success rate of
gesture recognition. In addition, the effect of the swelling of the
close muscle groups will be considered in the following paper.
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