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ABSTRACT

This paper presents a gait sub-phase detection and prediction approach using surface electromyogram
(sEMG) signals, pressure sensors, and the knee angle for a lower-limb power-assist robot. Pattern recogni-
tion and machine learning models using SEMG signals have several inherent problems for gait sub-phase
detection. These problems are due to recognition delay, lack of consideration for the unique characteris-
tics of SEMG signals based on the subject, and meaningless features. To solve these problems, we propose
a new labeling technique based on the heel and toe, a muscle and feature selection, a user-adaptive clas-
sifier using a weighted voting technique to achieve gait sub-phase detection, and a gait sub-phase predic-
tion technique using interpolation. Experimental results show that the average accuracies of the proposed
labeling, the muscle and feature selection, and the user-adaptive classifier using weighted voting are 7%,
12%, and 17% better, respectively, than the existing methods using physical sensors. Results also show that

Lower-limb power-assist robot

the average prediction time of the proposed method is 80% faster than the existing methods.

© 2019 IPEM. Published by Elsevier Ltd. All rights reserved.

1. Introduction

Owing to advances in information technology and biotechnol-
ogy, studies have been conducted on bionic legs, smart walkers,
powered orthoses, lower-limb power-assist robots, forearm dis-
crimination, locomotion mode, and gait cycle detection [1-9]. A
common goal of these studies is to achieve high motion-detection
accuracy and a low time delay. The lower-limb human motion-
detection system uses a foot switch, pressure sensor, an inertial
measurement unit (IMU) sensor, and the surface electromyogram
(SEMG). The IMU is the most widely used method for detecting hu-
man lower limb movements, because it can easily acquire the knee
angle, which is the core of motion recognition. However, the IMU
is sensitive to environmental changes, such as surface conditions,
and detailed gait analysis is difficult. Therefore, various studies us-
ing the sEMG signal as an auxiliary signal are under way. Muscle
activity analysis using SEMG signals permits the detection of com-
plex human motion more accurately than other sensors [4-6].

Therefore, we implement a system in which the main signal
uses the sEMG, and the auxiliary signal uses the IMU to increase
the motion detection accuracy and reduce the time delay. How-
ever, the gait sub-phase detection system using the sSEMG as the
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main signal causes a lot of problems in detection. If the sEMG
signal is used to detect the gait sub-phase using a real-time pat-
tern recognition model for the lower-limb power-assist robot, four
issues arise. First, performing sEMG signal-based pattern recog-
nition to detect gait sub-steps can yield results at the middle
or end of the action, but latency issues can occur [7,8]. Second,
multiprocessing computing overhead issues can occur when pro-
cessing multi-channel sEMG stream data. That is because multi-
dimensional operations and classifiers are required when perform-
ing pattern recognition using multi-channel sSEMG signals [12,13].
Third, when a surface-type EMG electrode is used, the period and
the muscle activity of the individual gait sub-phase may change
depending on the subject’s gait habit, skin type, body fat, and
physical size [14-18]. Finally, gait sub-phase detection using pat-
tern recognition and machine learning models may generate mean-
ingless features, which reduces detection accuracy of the gait sub-
phase.

In this paper, we propose a new gait analysis and detection sys-
tem using SEMG signals. We also try to solve problems by compos-
ing two parts: detection and prediction. Detection solves the prob-
lem of classifying the walking cycle according to the user’s walking
method. Prediction assists in walking by predicting the next walk-
ing pattern of the user through the learned walking cycle and
walking classification. In order to support these detection and pre-
diction functions, we propose a new labeling technique based on
the heel and toe, a muscle and feature selection technique, gait
sub-phase detection using a weighted voting technique, and a
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sub-phase prediction technique using interpolation of the gait sub-
phase.

Fig. 1 shows a block diagram of the proposed algorithm. Gait
sub-phase prediction and detection using sEMG signals for lower-
limb power-assist robots consist of a training stage for learning
the classifier, a training stage for muscle and feature selection, and
gait sub-phase detection and prediction stages, sequentially.

Gait sub-phase labeling based on the heel and toe is divided
into four gait sub-phases (initial contact, mid-stance, propulsion,
and swing) according to the results of the heel classifier and the
toe classifier. The heel and toe classifiers are used to determine
whether the heel and/or toe are touching the ground. This method
helps to extract meaningful feature values, because this algorithm
uses the muscle activity detected when the heels and/or toes touch
or leave the ground.

Muscle and feature selection generate a user-adaptive classifier
by selecting muscles and features with high gait sub-phase detec-
tion accuracy for each subject. To do this, a threshold is chosen
empirically to determine the best combination of feature set and
classifier group. Finally, we achieve gait sub-phase detection using
weighted voting and prediction using interpolation. This method
reduces classification overhead by using a binary classifier, and im-
proves gait sub-phase detection accuracy. This is because it only
uses muscles and feature values showing high detection accuracy
for each subject, and it uses a one-dimensional classifier. It also
recognizes the gait sub-phase using the weight of each feature
value.

The gait sub-phase prediction technique using interpolation
predicts the next period of the gait sub-phase using its past pe-
riod. Pattern recognition and machine learning models take at least
300 ms to collect EMG signals for human motion recognition. How-
ever, the period of the average human gait cycle is about 1300 ms,
and that of a minimum-gait sub-phase (initial contact) is less than
about 130 ms. To solve this problem, period prediction for the gait
sub-phase is necessary in order to control a lower-limb power-
assist robot using EMG signals.

2. Method
2.1. Data acquisition

The subjects provided written informed consent prior to the ex-
perimental procedures, which were performed in accordance with
the Declaration of Helsinki and approved by the Inha University
Institutional Review Board (approval: 150603-1A). A commercial
SEMG device (MP150, BIOPACK Systems, Inc.) for amplifying sEMG
signals, six BioPac BN-EMG2 units with 12 channels, and BioPac
EL503 units (i.e., pre-gelled disposable electrodes) were used. The
SEMG signal acquisition device acquired the raw data using a

20-450Hz band pass filter, a 1kHz sampling rate, and 16-bit
analog-to-digital converter.

Fig. 2(a) shows a subject’s level-walking scene and the elec-
trode mounting position. For data acquisition, nine sEMG channels
were attached to the sartorius (SART), rectus femoris (RF), vastus
medialis (VM), vastus lateralis (VL), tibialis anterior (TA), semi-
tendinosus (ST), biceps femoris (BF), peroneus longus (PL), and
gastrocnemius (MG) muscles. All electrodes were placed in pairs at
a separation distance of 1.5-2cm according the guidelines of the
SEMG for non-invasive assessment of muscles (SENIAM) and the
International Society of Electrophysiology and Kinesiology (ISEK).

In general, the walking phase is classified into 8-11 stages
based on the knee angle and according to the sensor used in the
experiment. For this purpose, many sensors, such as infrared ray,
markerless, pressure, IMU, and Force/Torque, are used making it
difficult to produce light aids. In this paper, we shortened walk-
ing to four steps for detection and prediction using only the SEMG,
the IMU, and the pressure sensor.

We produced a physical sensor data acquisition board in order
to label the gait sub-phase in the training stage. The micro con-
troller unit (MCU) of the physical sensor data acquisition board
used the STMicroelectronics STM32F4DISCOVERY, with a width of
32cm, a height of 60cm, and weight of 640g. The board was
equipped with two pressure sensors to check whether the heel
and toe were touching the ground, and an attitude/heading ref-
erence system (AHRS) sensor to check the knee angle. In addition,
the AHRS sensor was used as auxiliary data to distinguish between
stance and swing by changing the angle. An sEMG signal and phys-
ical sensor data acquisition program (AcqKnowledge 4, BioPac Sys-
tems) was used. To collect the sSEMG signal and sensor data, each
subject performed 400-500 walking steps.

2.2. First training stage using labeling based on heel and toe

As shown in Fig. 3, two training datasets representing heel and
toe states were generated from identical sEMG signals, IMU and
two pressure sensor data. Feature value sets were extracted from
two categories of training data based on these states. The heel and
toe classifiers can yield four gait sub-phases by separating the heel
state (touching the ground or not) and the toe state (touching the
ground or not). The state of touching the ground represents neuro-
muscular activity, while not touching the ground represents neu-
romuscular inactivity of the muscles associated with walking; it is
therefore possible to extract meaningful feature values.

The first training stage using pressure and AHRS sensors at-
tached to the heel and toe consists of three steps. In the first
step, the training dataset (100 gait cycle data recordings) is la-
beled using a physical sensor board. The input dataset is labeled
with a two-digit binary number that indicates whether the heel
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Fig. 2. Pictures of experimental procedures and acquired signals: (a) a subject’s level-walking scene and electrode mounting position, (b) average sEMG signals extracted
from the sartorius muscle, and (c) sEMG signals of subject 3 corresponding to gait cycle number.
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Fig. 3. Block diagram of gait sub-phase detection and prediction using a user-adaptive classifier.

and toe touch the ground. In the second step, 12 feature extrac-
tion algorithms are applied to the labeled input dataset to extract
feature values. Finally, the classifier groups (heel classifier and toe
classifier) are learned using the linear discriminant analysis (LDA),
quadratic discriminant analysis (QDA), and k-nearest neighbors (K-
NN) machine learning methods based on the muscle channels and
feature values [22]. Depending on the muscles and feature extrac-

tion algorithms applied at this stage, classifier groups were gener-

ated for

all cases.

2.3. Second training stage using feature and muscle selection

The second training stage using muscle and feature selection
consists of four steps. In the first step, another training dataset
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(100 gait cycle data recordings) is labeled using a physical sensor
board in order to evaluate the above classifier groups. In the sec-
ond step, feature values are extracted, and the feature values from
the new walking data are entered into the classifier groups gen-
erated in the training stage. In the third step, the gait sub-phases
are detected using a classification matrix according to the classi-
fier group, and the detection accuracy of all classifier groups was
calculated by comparing the new walking labeling data and the
results of the classifier groups. The gait sub-phase was classified
into four phases in combination with the classification matrix, the
results of the heel classifier, and the results of the toe classifier.
Finally, the muscle and feature values corresponding to each gait
sub-phase were selected. Feature and muscle selection uses clas-
sifier groups with calculated accuracies of more than 60% in the
third step. This is done to select meaningful muscle and feature
values by using classifier groups with high detection accuracy. In
this study, the threshold values set of 60% for gait sub-phase de-
tection showed the highest detection accuracy (see Section 3.3). In
the gait sub-phase detection stage, we detected the gait sub-phase
using only the selected muscle and feature values at this stage. At
this time, the calculated accuracies of classifier groups were used
as parameters for weighted voting at the gait sub-phase detection
stage.

2.4. Gait sub-phase detection stage using a weighted voting technique

The gait sub-phase detection stage consists of three steps. In
these steps, gait initiation during initial contact is recognized us-
ing the VL and VM muscles [19]. In the first step, feature values are
extracted using selected feature extraction algorithms and are en-
tered into the selected classifier groups in the training stage using
muscle and feature selection. The second step involves detection of
the heel state and toe state using a weighted voting technique. The
weighted voting technique consists of four steps. In the first step,
the weight of each muscle and toe classifier or heel classifier is
calculated according to the feature values. The feature values were
weighted using the following equation:

WE =F x (F-60) / 3" (F - 60) (1)
i=1

where F; is the accuracy of the ith feature extraction algorithm,
k=123, ..., f (in which f is the number of selected features), n
is the total number of feature extraction algorithms according to
muscle, and 60 is the threshold value determined through the ex-
periments described in Section 3.3. Eq. (1) calculates weights using
the detection accuracy of each feature value obtained in the train-
ing stage using muscle and feature selection [20]. The numerator
of the weighted average is the product of the accuracy value and
-60 (the threshold value; see Section 3.3). In the second step, the
detection results for muscles using the feature value weights were
selected. The muscle results were calculated using the following
equation:

WMjon= Y WF

kEVj.ON

WMjopr = Y WFy
key;jorr
ON, WMj.on > WMj,Off

OFF, otherwise (2)

Voting results at jth muscle = {
where Sum of the WF, is the sum of weighted kth selected
muscle, k=1,2,3, ..., m (in which m is the number of selected
muscles), yjon is the number of selected feature extraction algo-
rithms from the jth selected muscle where the result of the clas-
sifier is “on”; y;opr is the number of selected feature extraction

algorithms from the jth selected muscle where the result of the
classifier is “off”; WMj gy is the sum of the WF for the jth selected
muscles for recognition where the result is “on”; and WM,; o is
the sum of the WF for the jth selected muscles where the re-
sult is “off.” In the fourth step, the muscle weights are used to
obtain classifier detection results, calculated using the following
equation:

MSon = Y WM
Jj€Bon

MSorr = Y WM
j€Borr
ON, MSon > MS,;

Voting Result = { OFF, otherwise (3)
where s denotes the classification results at the jth muscle, Boy is
the number of selected muscles for which the result of the classi-
fier is “on”; and Bogr is the number of selected muscles for which
the result of the classifier is “off.” That is, it selects the class that
acquires the highest weight as the result.

In the third and final step in the gait sub-phase detection stage,
using the classification matrix, the results of the heel classifier and
the toe classifier determine the gait sub-phase of the input win-
dow of the current period using the classification matrix by com-

bining the results of the heel and toe classifiers.

2.5. Prediction stage using new gait sub-phase prediction using linear
interpolation

We propose a gait sub-phase prediction technique using inter-
polation. This technique uses interpolation to predict the period of
the gait sub-phase in the next gait cycle using the period in the
preceding gait cycle and the period in the current gait cycle. In ad-
dition, it can correct the prediction period using the change in the
period of the current gait cycle in order to minimize the difference
between the real and predicted periods when performing gait sub-
phase prediction. For example, we assume that the initial contact
was detected. First, the period of the initial contact in the next gait
cycle is predicted using the period of the current gait sub-phase,
the period of initial contact in the previous gait cycle, and the pe-
riod of initial contact in the gait cycle before the previous gait cy-
cle. Finally, the predicted period of initial contact is corrected by
using the difference between recognition and prediction periods of
the propulsion, the mid-stance, and the initial stance in the current
gait cycle, and of initial contact in the previous gait cycle when the
propulsion is in the current gait sub-phase.

The gait sub-phase prediction technique using interpolation
consists of two steps. Fig. 5 shows an example of gait sub-phase
prediction using linear interpolation. In the first step, the predicted
period of the gait sub-phase in the next gait cycle and the correc-
tion value are calculated. The predicted period and correction val-
ues are calculated using the following equation:

e+c
Pis,j=Tj+ 5
Yo {gi—n,j - gi—n—l,j}
e= 3
o o' {8ijon — Pijon} (4)
o GP

where i is the current gait cycle, and j is the current gait sub-
phase. That is, j values of 1, 2, 3, and 4 denote initial contact,
mid-stance, propulsion, and swing, respectively; g ;; is the recog-
nized period of the ith gait cycle and the jth gait sub-phase, and
pir1; is the predicted period of the i+ 1th gait cycle and the jth
gait sub-phase. T; is the average period of the ith gait sub-phase
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calculated in the training stage, and GP is the number of total
gait sub-phases; e is the average difference period of the jth gait
sub-phase from the current gait cycle to the gait cycle two steps
previously, and c is the average difference period of the current
gait cycle calculated using the recognition period and the predic-
tion period. Moreover, p;, j is the product of T; and the average
of e and c. In the second step, the prediction period of the ith gait
cycle of the j+ 2th gait sub-phase is corrected by c, and the period
of the j+ 2th gait sub-phase is passed to the robot. The prediction
period of the j+2th gait sub-phase calculated in the previous
gait cycle is corrected in order to reflect the period changes in
the current gait cycle before transmission to the robot. In other
words, if the current gait sub-phase is that of initial contact, the
prediction period of current propulsion calculated in the previous
gait is corrected using c. The correct prediction period passed to
the robot is calculated using the following equation:

Plijs2=Dijs2+¢ (5)
where p; y » is the prediction period for the ith gait cycle and the
j+2th gait sub-phase calculated in the previous gait cycle. The
correct prediction period p';j 1  is calculated by adding correction
value ¢ and prediction period p;j 1 ». The correct prediction period,
p'ij+ 2, is transmitted to the robot in the current or next gait
sub-phase, and the robot is operated after next gait sub-phase
according to p';; 1 .

3. Results and discussion

Twenty-seven subjects (14 males and 13 females, including
three elderly males) with an average age of 24 years old (+1.8
standard deviation [SD]) took part in this experiment. The age of
the elderly subjects averaged 57.5 years old; their average height
was 175 cm, average weight was 68 kg, and walking times ranged
from 1.12 to 1.32 s with a mean of 1.27 s. The signals for two of
the elderly subjects are shown as Subject 25 and Subject 27 in
Fig. 1(b). The average age of the other subjects was 20-28 years
old, and their heights ranged from 152 to 183 cm (+ 7.3 SD), mean
168.8 cm, weight range 42-95 kg (+ 10.9 SD), mean weight 61.9 kg,
body weight index ranged from 17.5 to 30.7 (£ 21.6 SD) with an
average of 21.6, and their walking times ranged from 0.87 to 1.34 s
(£ 2.6 SD) with a mean of 113 s. All subjects had no history of
lower extremity or other musculoskeletal disorders. Although there
is a difference in waveform depending on the walking habits of a
pedestrian, regardless of age, the proposed method is not different
from that for general subjects because it is learned by each pedes-
trian.

Table 1 shows the information for age, weight, height, and BMI
for male and female subjects. In total, 400 gait cycle data record-
ings were used in this experiment; 100 were used for the training
stage using labeling based on the heel and toe, and another 100
were used for the training stage using muscle and feature selec-
tion. The remaining 200 were used as test data in the experiment,
with the experimental program implemented in Matlab 2015.

Table 1
Information on age, weight, height, and BMI obtained from sub-
jects.
Sex Variables Max Min  Average SD
Male Age (years) 28 22 243 13
Height (cm) 183 164 174.4 4.8
Weight (kg) 95 53 67.8 10.7
BMI (kg/m?) 307 185 222 3.04
Female Age (years) 26 20 24 2.18
Height (cm) 168 152 163.5 5.0
Weight (kg) 70 42 56.3 7.8
BMI (kg/m?) 248 175 210 2.3

We evaluated the average detection accuracy at the gait-phase
detection stage (Section 3.3) and focused on reduction of the
prediction time latency to evaluate it as technology suitable for
real-time robots, since the accuracy of gait detection was already
known at the gait sub-phase prediction stage (Section 3.4). There-
fore, Section 3.4 uses the results of Section 3.3 to measure the pre-
diction time.

3.1. Effect of subjects’ characteristics

Fig. 2(b) shows the average sEMG signal pattern for the SART
muscle with respect to subjects 3, 6, 8, and 11. Subjects 3 and 8
were confirmed to show SEMG signal activity corresponding to a
normal gait cycle from initial contact to the swing stage, whereas
SEMG signals of the other subjects showed similar patterns during
only the stance stage. This is because the SEMG signal patterns of
subjects measured at the lower-limb muscles varied, depending on
the subject’s gait habit, body fat, and skin type [10-13]. In contrast,
the results show that the sEMG signals of the same subjects are
similar and consistent with respect to various gait cycles. Fig. 2(c)
shows the sEMG signal pattern of Subject 3 with respect to vari-
ous gait cycles; despite a different gait, the SEMG signal pattern is
similar. Therefore, we can see that the classifier for gait sub-phase
detection should be learned from walking data of the same subject.

3.2. Effect of the threshold value on muscle and feature selection

We evaluated the accuracies of the proposed method corre-
sponding to the threshold value in the training stage using muscle
and feature selection. Fig. 4 shows the average detection accuracies
and numbers of selected muscles according to the threshold value.
The average accuracy and the number of selected muscles of the
heel classifier according to threshold values between 60% and 75%
were 93% (+ 3.2 SD) and 3.7. In contrast, those of the heel classifier
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Table 2
Average sensitivity, specificity, and precision of the proposed method and the existing method according to classifier.
Sensor Features Method  Sensitivity Specificity Precision Accuracy
Proposed method SEMG+IMU+PR Selected muscles LDA 6 (+ 3.3 SD) 8(+32SD) 97(£23SD) 97 (+2.2SD)
and features QDA 8 (+ 1.1 SD) 8(+14SD) 97 (£3.7SD) 98 (£ 2.0SD)
kNN 8 (+ 2.0 SD) 8(£37SD) 99 (£24SD) 98 (+21SD)
Existing method (a) SEMG-+IMU+PR All muscles and LDA 6 (+ 8.4 SD) 5 (+ 5.2 SD) 3 (£42SD) 77 (£5.6SD)
features QDA 8 (+ 83 SD) 84 (& 4.7 SD) 2 (+ 46 SD) 81 (+ 4.7 SD)
kNN 8 (+ 9.0 SD) 5 (+ 4.3 SD) 2 (£ 53 SD) 81 (+ 4.8 SD)
Existing method (b) IMUs All muscles and kNN 7 (+ 43 SD) 1 (+ 4.1 SD) 93 (£3.8SD) 90 (+ 3.7 SD)
IMUs+PR features kNN 9 (+ 3.7 SD) 2 (+ 3.7 SD) 5(+£32SD) 93 (£ 3.1SD)
PR kNN 3 (+ 8.0 SD) 8 (£ 9.0 SD) 6 (£ 70SD) 79 (+ 8.6 SD)

when threshold values were less than 55% or higher than 80% in
the training stage using muscle and feature selection resulted in
77% (+ 11 SD) and 5.2 (£1.2 SD), and 79% (+ 7.1 SD) and 2.2 (+
0.7 SD). There was no significant difference in accuracy using a
threshold value of 60% versus 75% (analysis of variance [ANOVA],
F=1.03, P>0.01). However, accuracy at the threshold value of 60%
was significantly different from that at the threshold values of 55%
(ANOVA, F=11.8, P<0.01) and 80% (ANOVA, F=11.66, P<0.01).

The average accuracy values and numbers of selected muscles
of the toe classifier using threshold values between 60% and 70%
were 91% (£ 5.1 SD). In contrast, the average accuracy and the
number of selected muscles using threshold values less than 50%
or higher than 75% from the training stage using muscle and fea-
ture selection results in 77% (+ 7.0 SD) and 5.6 (+ 0.5 SD), and
73% (£ 5.4 SD) and 2.2 (+ 0.7 SD), respectively. There was no sig-
nificant difference in accuracy at threshold values of 55% to 70%
(ANOVA, F=1.67, P>0.01). These results are noteworthy in the case
of threshold values less than 60%, which generated meaningless
feature values, because muscles not associated with the SEMG pat-
terns of the gait sub-phase were used in the gait sub-phase de-
tection stage. In addition, for threshold values more than 75%, this
was reflected in the results without correcting the feature values
generated by the error pattern, because selections included fewer
than two muscles. Therefore, they have a lower average and a
higher SD in accuracy. In contrast, for threshold values between
60% and 65%, accuracy was 87% better and had a lower SD than
other threshold values, because the muscles of clear SEMG sig-
nal patterns and the muscles used to correct the error pattern of
SsEMG signals for specific muscles were selected. Therefore, we de-
termined that the threshold of the training stage using muscle and
feature selection should be 60%.

3.3. Performance evaluation of gait sub-phase detection

We evaluated the sensitivity, specificity, precision, and accu-
racy of the proposed method and the existing methods. To do this,
as shown in Table 2, we categorized existing methods into two
directions: existing method (a) using 12 features and EMG and
physical sensors, and existing method (b) using the same 12 fea-
tures but physical sensors only. The proposed method, however,
uses a combination of selected features and EMG and physical
Sensors.

First, existing methods use 12 features, such as variance (VAR),
Willison amplitude (WAMP) [21], zero crossing (ZC), root mean
square (RMS) values, slope sign changes (SSC), mean absolute val-
ues (MAV), integrated EMG (iEMG), modified mean absolute value
1 (MMAV1), modified mean absolute value 2 (MMAV2), mean ab-
solute value slope (MAVSLP), waveform length (WL), and simple
square integrals (SSI), while the proposed method uses a combina-
tion of less than 12 features through the feature and muscle se-
lection process. Second, in terms of sensor usage, existing method
(a) and the proposed method use sEMG, IMU, and pressure(PR)
sensors, whereas existing method (b) uses a physical sensor
only. Existing method (b) includes existing method_IMUs [24] us-
ing IMU sensors, existing method_IMUs+PR sensors [25] us-
ing IMUs and PR sensors, and existing method_PR using pres-
sure sensors. Branches were compared. See Table 2, existing
method (b).

LDA, QDA, and kNN classifiers were used in the proposed
method and existing method (a), while kNN was applied to exist-
ing method (b). Table 2 shows the average sensitivity, specificity,
precision, and accuracy of the proposed and existing methods per
gait sub-phase. The results were obtained as true-false positives-
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Fig. 6. Detection latency time: (a) existing methods, (b) proposed method, (c) pro-
posed method without a prediction technique, and (d) performance of various
lower-limb systems.

negatives of the gait sub-phase. Sensitivity represents the prob-
ability that the gait sub-phase is true positive for true positive
(correctly identified) and false negative (incorrectly rejected), while
specificity represents the probability of determining true negative
(correctly rejected) and false positive (incorrectly identified) for
true negative [23]. Precision is used to correctly classify a true
positive gait sub-phase between the true positive and false pos-
itive gait sub-phases. In this experiment, if the initial contact of
the walking sub-phase was classified as the initial contact, it was
calculated as a true positive. If it was classified as a different walk-
ing sub-phase, it was counted as a false negative. If the actual gait
sub-phase was not an initial contact, and if the classification was
also classified as a different gait sub-phase, it was calculated as
a true negative, and if it was classified as an initial contact, it was
calculated as false positive. The results show that the average accu-
racies of the proposed method are higher than the existing meth-
ods in all cases. We can see that the proposed method can sepa-
rate true and false datasets better than the existing methods. This

is because the proposed method can reflect the gait characteris-
tics and muscle activity of an individual subject. We can also see
that the proposed method detects false alarms better than the ex-
isting methods. This is because the proposed labeling process ef-
fectively separates gait sub-phases using muscle activity when the
heel and/or toe touched the ground or left the ground. In addi-
tion, the proposed muscle and feature selection process can reduce
the number of false alarms by minimizing the use of muscles gen-
erating unclear sEMG signal patterns. The existing method_IMUs
and the existing method_IMUs+PR showed high accuracy similar
to the previous studies because they use the angle of the knee to
recognize the gait sub-phase. However, existing method (b) caused
confusion in perceptions of occasional irregular walking by the
subject.

3.4. Performance evaluation of gait sub-phase prediction

We evaluated the latency in predicting the gait sub-phase for
the proposed method and the existing methods. Fig. 6 shows the
average latency when predicting the gait sub-phase using an exist-
ing method, in Fig. 6(a), using the proposed method, in Fig. 6(b),
and using the proposed method without a prediction technique, in
Fig. 6(c), for all participants.

The results show that latency with the proposed method was
four times shorter than existing methods. This is because the exist-
ing methods incur longer detection latency due to overhead using
multi-class classifiers and incorrect labeling in the training phase.
Moreover, we ensure that the proposed method reduces latency to
80ms or less. The prediction technique using linear interpolation
makes our proposed method suitable for use in real-time robot
control.

Lastly, Fig. 6(d) shows the real detection latency using physical
sensors, and the calculated gait sub-phase prediction times using
the proposed method. Fig. 6(d) shows an assessment of latency
for the proposed method and various lower-limb robot systems
[26-29]. We can see that the range of detection latency for the gait
cycle or sub-phase was 50-170 ms. Therefore, the detection latency
with the proposed method is similar to, or shorter than, existing
robot systems.

4. Conclusion

In this paper, we proposed gait sub-phase detection using an
EMG and an IMU with heel and toe labeling, muscle and feature
selection, a user-adaptive classifier with weighted voting, and a
gait sub-phase prediction technique to achieve gait sub-phase de-
tection in real time. The contributions of the proposed method
are as follows. Its heel- and toe-based labeling provides good
class separation, and provides a user-adaptive classifier accord-
ing to the subject’s gait habit. Therefore, it can better reflect the
gait characteristics of the subject, compared to existing methods.
And it can reduce gait sub-phase detection latency. In future stud-
ies, we will apply the proposed method to lower-limb power-
assist robots in real environments, and we will develop a SEMG
signal-based human control interface for lower-limb power-assist
robots.
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