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Abstract. Fitness tracking, fall detection, indoor navigation, and visual aid appli-
cations for smart glasses are rapidly emerging. The performance of these applica-
tions heavily relies on the accuracy of step detection, which has rarely been studied
for smart glasses. In this paper, we develop an accelerometer-based algorithm for
step calculation on smart glasses. Designed based on a salience-analysis app-
roach, the algorithm provides a highly accurate step calculation. An activity mon-
itoring application for a commercial Android-based smart glasses (Vuzix M100)
is designed and realized for algorithm evaluation. Experimental results from 10
participants wearing the smart glasses running our application achieved average
step detection error of 2.6% demonstrating the feasibility of our salience-based
algorithm for performing pedometry on smart glasses.

Keywords: Smart glasses - Accelerometer - Activity monitoring - Salience -
Peak-to-Peak

1 Introduction

In recent years, interest in smart glasses has been substantially growing, as has the
number of influential companies, such as Amazon and Facebook, that are announcing
their entry into the smart glasses market. It is expected that the combined market size
for smart glasses will grow at an exponential rate of 76% annually and will reach $16B
by 2025 [1]. The use of commercial smart glasses for fitness tracking [2, 3], indoor
navigation [4, 5], fall detection [6, 7], vision enhancement in the visually impaired [8—
10] has already gained momentum and it is expected that such applications will comprise
a considerable sector of the smart glasses market. The performance of these applications
as well as many other emerging services is dependent on the accuracy of pedometry
(step detection and counting) on smart glasses.
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Due to the proliferation of accelerometers in consumer products and by virtue of
their low power consumption, accelerometer-based step calculation has emerged as the
most popular approach to perform pedometry. Many existing step counting solutions
have shown that when a user is walking, the measurements of the accelerometer (on the
user’s body) will regularly change and such changes can be used to calculate the number
of steps taken by the user.

Plenty of research studies on activity monitoring, especially step detection have
been conducted [11]. A number of such studies aim at detecting steps for handheld
devices such as smartphones [12]. Other researchers have transformed the problem
of step detection into a case in pattern recognition and employed a machine learning
technique for pedometry [13, 14]. Another group of studies devised algorithms that target
step detection in ankle-worn, shin-worn, or waist-worn devices [ 15, 16]. To the best of our
knowledge, step detection techniques suited for smart glasses have not been adequately
explored. Smart glasses cannot offer similar activity tracking utility levels compared
to the typical handheld, waist-worn, or ankle-worn wearable devices [17]. Head-worn
devices typically contain a limited number of sensors and they are vulnerable to external
sources of error. Moreover, it is typical for smart glasses to require low computing power
by virtue of their size, heat, and battery issues [18, 19].

In order to motivate the problem, we conducted an experiment, where we attached 6
inertial measurement units (IMUs) produced by Shimmer Research to different regions
on a subject body and asked him to take 220 steps. We use the windowed peak detection
technique, proposed in [20] as an optimal step detection method for wearable low-power
devices, to derive the number of steps for each IMU. Table 1 summarizes the number of
steps counted by each IMU; we observe that lower parts of the body and especially, the
shin, thigh, and waist areas performed well; this can be attributed to the higher impact
of each step (foot striking the ground) on those areas comparing to other locations.

Table 1. Counted steps vs. the location of IMU

Sensor location Shin Thigh Waist Forearm Upper arm Head
Steps counted 228 199 230 188 179 114
Error("dl=est.y(q) 149 10% 5% 15% 19% 48%

Based on the above experiment, in this paper, we propose a step detection algorithm
for smart glasses, which can identify steps accurately and in real-time. The algorithm is
composed of a signal preprocessing phase, axes combination phase, salience calculation
and analysis phase, and a peak detection phase. The proposed algorithm utilizes only the
accelerometer data for step calculation since smart glasses are commonly designed with
an accelerometer, while other sensors such as the GPS and gyroscope are not always
available. Furthermore, the proposed algorithm requires a low level of computing power
from smart glasses.

The contributions of this paper are threefold. First, we propose an algorithm for
step detection and calculation on smart glasses based on accelerometer data. Second,
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in two experiments, we investigate the step detection accuracy of our algorithm on
commercial smart glasses as well as on IMUs attached to multiple on-body locations.
Third, we incorporated the proposed algorithm into an activity monitoring application
for Android-based smart glasses for real-time step calculation. The rest of this paper
is organized as follows. Section 2 introduces some related studies. Sections 3 and 4
describe the designed data collection and data analysis phases, respectively. Section 5
covers our experimental results and Sect. 6 discusses constraints and future directions
of our investigation. Finally, Sect. 7 concludes this study.

2 Related Work

There are numerous algorithms and research studies conducted on step detection based
on smartphones and waist-mounted devices, with high accuracies [20]. Some algorithms
explore other ways to detect steps beyond the basic peak-valley relationship, such as the
method proposed by Kumar et al., [21] discussing the use of the linear relationship
between the amplitude of acceleration and the frequency of steps, effectively detecting
steps through their pilot trials. Most of the research in the field of step detection focuses
on 5 body parts to mount the censor: wrist, pocket (waist level), thigh, ankle, and foot.
The most reliable step count algorithms come from insole pressure sensors that have the
ability to detect the pressure applied to the sensor once a subject takes a step [22, 23].
The impulse (force) generated from each foot striking the ground in walking is more
pronounced in those areas. In general, lower parts of the body such as the ankle and foot
absorb most of the impact of stepping and therefore, devices placed on these body parts
leads to the most accurate results [24].

Smartwatches and smartphones are among the electronic equipment that is capa-
ble of recording and analyzing motion signals [25-27]. However, smartphones are not
necessarily always taken in the same or relative location. In addition, these devices are
extremely sensitive to non-ambulatory activities [28]. Moreover, hand and arm move-
ments when the device is being carried, do not necessarily correlate with stepping and
may create artifacts on the signal. On the other hand, smartwatches provide a tremendous
amount of information by continuously monitoring of the user and measurement of their
physiological parameters. Although, the data acquired from smartwatches are under the
question of reliability, due to subtle and often wrist movements, compared with other
parts of the body where the sensors are usually placed [26]. One inevitable shortcoming
of data based on wearable devices is that they are not generalizable and unstable across
different brands [29], which is the case in smartphones as well.

The most popular step detection algorithm uses peak-valley extraction to detect steps
from the accelerometer data. The three-axis accelerometer data is combined into a single
acceleration vector, which is then graphed where each peak is considered to be a step [30,
31]. A more advanced algorithm would be a filtering system which places thresholds for
each peak to be considered a step, as there will be multiple peaks from the accelerometer
that is not considerable enough to be detected as a peak.

Most step counting algorithms are created for devices inside the pocket [32]. For
instance, Brajdic and Harle [20] provided evaluations considering various algorithms
for step detection on smartphones. They evaluated several algorithms such as windowed
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peak detection (WPD), hidden Markov model, and continuous wavelet transform, which
were the most promising approaches. They found that the simplest algorithm with the
best accuracy is the windowed peak detection algorithm.

A number of studies have employed a modified version of the peak-to-peak algorithm
to detect steps from an accelerometer signal. For instance, the peak detection algorithm
proposed in [33] produces a refined method that enables the algorithm to detect peaks
in periodic and quasi-periodic signals. This method is noted to have high efficiency in
peak detection within high and low-frequency signals. Another innovation based on step
detection for head-mounted sensors is being used for detecting user movements when
using virtual reality systems. The idea of these virtual reality systems is to immerse the
user into a virtual world in which their movement in real life is synchronized to their
virtual avatar [34].

3 Sensor Platforms and Pilot Experiments

We run a pilot study to investigate the step detection accuracy of our algorithm on
commercial smart glasses as well as on the IMUs attached to multiple body parts. The
first experiment is through activity monitoring via a smart glass device for the head signal,
and another is using the IMUs for pocket, head, and foot-worn IMUs. Experiments are
conducted in an outdoor environment at the California State University, Los Angeles
campus. The participants include 10 students (average age 26.3, SD = 5.2, average
height 170 cm, SD = 11.3 cm). For both experiments, each test consisted of walking
100 steps at their usual pace repeated 10 times per individual. For this pilot study, none
of the participants reported any limitations in their mobility or vision. In the following,
we explain both experiments.

Fig. 1. Vuzix M100 device on test subject for data collection.
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3.1 Step Detection on the Smart Glass

A popular Android-based smart glass in the research and industry communities, namely
the Vuzix M100, with a sampling frequency of 100 Hz is used in the first experiment.
Figure 1 shows a subject wearing the Vuzix M 100 with the activity monitoring Android
application running. The application utilizes our salience-based algorithm to detect the
steps in real time. Figure 2 is a screenshot of the Android application.

Activity Monitoring Application MENU

Ny 0.0035 Ml

0.48 CAL

12/100.0

4' 5" inches

100-110
pounds

Fig. 2. Graphical user interface of application on Vuzix M100.

3.2 Step Detection on IMUs

In experiment 2, we employ the Shimmer3 [35] IMU unit to collect the acceleration
signal from the head, foot, and pocket locations. The step detection is performed off-line
on a desktop computer. Figure 3 shows the Shimmer worn by the same subject on the
head.

(b)

Fig. 3. (a) The Shimmer3 IMU, (b) the Shimmer sensor is worn by a subject on the head.
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4 Methods

We propose a novel algorithm to identify the steps using the accelerometer signal from a
smart glass device and compare the accuracy of our results against the WPD method. The
WPD uses a moving average to smooth the accelerometer signal, and it detects single
peaks via a fixed size sliding window; it finds the maximum value in the window, shifts
the window, and discards the chosen maximum if it persists for two windows in a row.
This algorithm has been identified as an optimal step detection approach for wearable
devices owing to its computationally inexpensive nature [20, 36]. Figure 4 presents the
block diagram of our step detection approach; the description of each step will follow
in the preceding subsections.

é ) (c bining th Calculati

R ompining e alculating
Pre-processing [ axes | Salience vector
\_ VRN J \ J
e N [~ ) .
Peak detection || Thresholding |¢= enhg,',%';ﬂem
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Fig. 4. The block diagram representing the flow of the approach.

4.1 Pre-processing

The signal preprocessing consists of calibration and low-pass filtering. First, the cali-
bration process is utilized to reduce the drift errors and offsets from the raw acceleration
signals. Second, a moving average filter is used to suppress the high-frequency noise of
the calibrated inertial signals. Details of the preprocessing phase can be found in [29].

4.2 Combining the Axes

The three axes (X, y, z) are combined to a single magnitude measure. We use (1) to
calculate the magnitude of combined acceleration in all directions using the Euclidean

distance method:
r=,/A2+ A2+ A2 (1)

4.3 Peak Detection with Salience Algorithm

We calculate the salience of each acceleration sample point. Considering all possible
intervals in a given signal of size N, salience is the length of the longest interval for which
a sample is a maximum [37, 38]. The key property of the salience values algorithm is
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that the starting point of each step has a large salience value. Hence, steps can be found
by locating these prominent points.

As an example, salience can be visualized as shown in Fig. 5. Considering the fourth
sample in the signal shown in Fig. 5; despite the fact that it has a higher magnitude
than the seventh sample, it has a smaller salience comparing to the seventh sample, s(4)
= 4 as opposed to s(7) = 8. The term salience vector represents the resulting signal
containing the salience of each sample in the original signal. The list of salience vector
of the example signal shown in Fig. 5 can be found in (2). We use salience signals to
find each stride that has the largest salience samples over a time threshold of 30 s. Once
the time threshold is met, the salience vector is then processed through a peak detection
algorithm to determine the steps of the filtered data.

sty =1{14,1,2,4,1,13,8,1,4,2,1,5,2,1,15}, 1<k <15 )
*
i Salience of sample 4 ® §
§ 4—)
§ z ? PY ; ) Salience of sample 7 X ;

- P ’

& . ® s
; & i i _® ® ;
i i 9 ® e : @ ¢!

\ 4

1 2 3 456 7 8 910 11 12 13 14 15
Signal Samples

Fig. 5. Salience of an example data sequence.

We have implemented all three algorithms found in [38] for computing the salience
vector, s, of a signal. These algorithms include: 1) basic salience computation, 2) par-
tial salience allocation, and 3) sliding window analysis. We found the sliding window
approach to be the most suitable one for the purpose of step detection, as it offers faster
execution time and it addresses the issues pertaining to the signal’s origin. The following
briefly explains three algorithms with which we can calculate salience that is done after
combining the three axes of the signal and obtaining the r vector [37].

Basic Scheme. To find the length of the longest interval for which a sample is maximum
in a signal, the following steps are required:

1. Initialization: Since each sample is a maximum with respect to itself, all salience
values are set equal to 1. Thus, the length of the analysis interval (n) is set as n = 2.

2. Subdividing the input signal of length N into analysis intervals of length n. The
length of the last interval will be between 1 and n.

3. Finding the maximum point within each interval and assigning a salience of n to the
corresponding sample.
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4. Increasing the size of the analysis interval by one and going back to step 2 until n
reaches N.

The last calculated salience vector will be reported.

Partial Salience Allocation Scheme. As an alternative to the basic scheme, partial
salience allocation is used in the case of computationally expensive functions. This
algorithm utilizes tabular representation of the samples as instead of finding maxima
over intervals with increasing lengths, one can determine the maximum over frames of
decreasing lengths. With j being the position of the global maxima in the signal, the
value in this position is a maximum for the previous j—1 first samples. Accordingly,
assuming that j is known, one can compute the maximum over j—1 first samples only
and assign it a salience of j—1 and so on, until a salience has been assigned to the first
sample.

Sliding Window Salience Computation Scheme. Partial salience allocation is faster
than the basic scheme, however, this method cannot find salience values for all the
samples in the input signal. Furthermore, the problems related to the samples near the
boundaries are not addressed in this scheme. The intuition behind the sliding window
scheme is to apply a window to the input signal and move the window sample by sample
in order to address the boundary problem. In this method, a sliding window wy, (i), of
length M, where M < N, and origin i, is placed at the beginning of the signal and is
shifted sample by sample towards the endpoint of the signal. Saliences S(k,i), Sjef: (k, 1),
Sright(k,i) are then computed with respect to the sliding window. If the proper window size
is chosen, the running saliences obtained will suffice for most applications. We define
local saliences with reference to the position of a given window. Moreover, running
saliences ™ (k), S i (K), S ght(k), are defined as the maximum of the local saliences of
sample k for all window positions (previous and current). Thus, running saliences are
non-decreasing. Here we outline the sliding window analysis scheme:

1. Initialization: all saliences S™ are set equal to 1 and all saliences S ltfz and S7; o AT€
set equal to zero.

2. Applying the partial salience allocation scheme to the samples within the sliding
window with origin i and computing the local S(k, 7), Sis (k, 1), and Syign; (k, 1)
saliences, where k =i,i+1, ..., i+ M — 1.

3. Updating running saliences as follows: for each sample k, S* = S(k, i), S ltft (k, i) =
Stei (k, 1), S;"igm(k) = Syign: (k, 1) if their values will be increased, otherwise, we
skip this step.

4. Shifting the sliding window to the right by one sample, i.e., (i — i +1) and going
back to step 2.

Once the sliding window reaches the right boundary of the input signal, the final salience
vector, Sfnq (k) is given by (3):

Sﬁnal(k) = S[*gf[(k) + S:ight(k) +1, k=1,2,....M 3)
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We discard the first and last M — 1 element of the salience vector since these values
are in the boundary. Due to this problem, it is important to properly choose the size of
the sliding window.

4.4 Signal Enhancement

In this step, we compute a vector u, which is defined as:

Y (r.s) )

max(s)

where s is the salience vector and dot (.) represents an element-wise multiplication. The
idea behind deriving u is to make peaks of r more pronounced and to diminish the rest
of the samples.

4.5 Thresholding and Peak Detection

We extract all the elements of u that exceed a certain threshold, that is given by (5) as
potential cycle indices [38].

2
threshold = gmax(u) 5

Then the difference vector, d, between adjacent extracted indices is calculated. We nor-
malize d around its mean and extract one of the two indices of points that fall within
this range, i.e., | d — mean(d) | < mean(d). This elimination phase helps to increase the
accuracy of our stride detection algorithm by counting two close peaks only once. The
number of such points is indicative of the number of steps taken and in fact, these points
are the start/endpoints of each step. Finally, we return a list of indices that these points
correspond to.

Among the three algorithms to calculate the salience vector, the sliding window
scheme is more efficient than the basic and partial salience allocation. Hence, we will
base our results on the calculations from the sliding window algorithm. We choose the
window size of 94 [38] and calculate the salience vector.

Figure 6a shows the combined accelerometer signal, r, and the red lines represent the
occurrence of a step. Figure 6b exhibits the salience vector of the combined acceleration
signal. Figure 6¢ depicts the enhanced salience vector where the peaks (associated with
steps) become pronounced, and that this subfigure corresponds to the vector, u, where
we enhance the signal. As shown, the peaks are more significant and distinguishable
from the rest of the signal.
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(a) Combined Acceleration Signal
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Fig. 6. Original signal (a), the signal’s salience vector (b), and the salience vector after
normalization (c).

4.6 Error Determination

To quantify the differences between the signals from different parts in the body namely
foot, head, and pocket, we calculate the error for each trial and each person as written
in (6) and (7). The error in our experiments is defined as the absolute difference of the
number of steps calculated by the algorithm from the ground truth [36]:

|steij k) — @ (k) |
steps; (k)

ej(k) = (6)
with j being the subject number, and k being the trial number. The term steps;(k) is the
true number of steps that subject j took in trial k, and @(k) is the step calculated by
the algorithm. Each subject performs each trial 10 times, thus, the averaged error for
subject j and overall repeats (e;) is given by (7):

¢ = Li=16K) (7)

n

5 Results

We evaluate the step detection performance of our algorithm on commercial smart glasses
as well as IMUs attached to the head and other parts of the body. In the pilot trial, we
collected gait data from 10 subjects and applied our proposed algorithm to these signals.
In this section, we compare the performance of the algorithm for the foot, pocket, and
head signals, and provide error analysis for the results.
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5.1 Accuracy Comparison

Figure 7 graphs the changes in step detection error from the WPD method to our salience-
based approach. The average step detection error of our approach (2.6% with SD of 2.8)
was significantly lower than that of the WPD method (21.8% with SD of 9.7).

401 ? e WPD
35 4 ® Our approach
30
® ® P
25
s
o 20
X

3 !

[ J [ ]
0 1 ®
1 2 3 4 5 6 7 8 9 10
Subject #

Fig. 7. Comparing the error for step counting from the head signal between the WPD method and
our approach.

5.2 Error Analysis

Table 2 lists the average step detection for three IMU locations in experiment 2. For
both the WPD method and our approach, the foot location performs remarkably well
and achieves similar results with an average error of 2.9% (SD = 1.6) and 2.7% (SD =
2.4), respectively.

We note moderate improvements in step detection for the pocket location with our
approach (6% with SD of 3.5) comparing to the WPD (7.2% with SD of 6.5). The head
location benefitted the most from our salience-based approach, where the step detection
error declined from 25.6% (SD = 9.4) to 3.9% (SD = 2.4). The error range for the head
location was from 13% to 39% in the WPD method; however, with our approach, the
range was narrowed down to 0% to 8%.
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Table 2. Average step detection error in experiment 2.

Subject | WPD Our approach

Head | Pocket | Foot | Head | Pocket | Foot
1 31% [10% |[1% (8% 1% 0%
2 23% | 5% 5% 3% |13% 2%
3 35% | 2% 2%  |5% |2% 2%
4 21% | 6% 0% 4% |8% 6%
5 15% | 1% 2% 0% | 6% 7%
6 38% | 9% 4% | 5% |4% 4%
7 20% [23% |5% (2% 7% 1%
8 13% |10% (3% 3% |5% 0%
9 21% | 1% 3% 2% | 9% 4%
10 39% | 5% 4% | T% |5% 1%
Average | 25.6% | 7.2% |2.9% 3.9% 6.0% |2.7%
St. Dev. |94 6.5 1.6 |24 |35 24

6 Discussion and Future Work

During the process of this research, we are attempting to develop an algorithm that further
improves on the current step detection algorithms by collecting additional data for testing
and applying the salience algorithm to filter the noisy data received from accelerometer
sensors. We focused on analyzing smart glass data received from the sensors. There
are several factors that make it difficult to achieve the same accuracy from head data
than it is from the foot data. One of the most challenging issues with collecting data
from the head is all of the movement the head experiences throughout walking. Every
slight acceleration from the head can be falsely interpreted as a step, which is where the
salience algorithm aids in fixing. Moreover, in our trials, the subjects are asked to walk
at their normal pace that is relatively slow which is more challenging. In the future, we
intend to investigate the performance of our algorithm for various speeds. As people
age, the angular displacement of the head changes and the body will have a decreased
ability to attenuate accelerations from trunk to head [39]. As another future direction,
we will investigate our algorithm’s performance on older adults.

Providing an improvement in accuracy on current step detection algorithms can
also be applied on a myriad of other fields ranging from physical health measurements,
medical studies, and personal localization. Although step counters are not commonly
used in clinical research, steps per days can now be considered as vital signs for crucial
medical information in the future [24].

Before activity monitors can be adequately used for clinical research, they must
first prove there is a connection between steps taken and future occurrence of diseases.
Having accurate measurements of physical activity is crucial during medical studies
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as any slight mismeasurement could result in obscuring actual links between physical
activity and certain ailments that affect physical movements [40].

Another future application of this research can be implemented in personal local-
ized positioning systems based on steps detection and the calculated distance the user
has travelled [41]. A group of researchers from Seoul National University worked on
a method to determine the user’s location in indoor settings. Due to the lack of GPS
measurements for indoor environments, these researchers resorted to step detection in
combination with pedestrian dead reckoning to capture the user’s current location. They
are able to achieve step detection through several conditions such as handheld texting,
in pocket of pants front and back [14]. For indoor position to be accurate the direction in
which the user is walking and their heading is crucial to be determined, which is accom-
plished by using the magnetometers to find their absolute direction [42]. Furthermore,
the algorithm developed in this paper can be used on other data sets from other studies.
The data set from [43] is of accelerometer data collected from two groups of individuals
who are sighted and blind using the aid of walking cane or guide dog. The paper [43]
discusses the interesting differences between the sighted and blind walkers.

Here, we perform the analysis assuming the data we are analyzing is walking signal,
in other words, walking is granted, however, the salience algorithm can be employed to
detect whether the subject is actually walking in the first place. The proposed method is
computationally inexpensive, performs well on slow walking data, and is a low battery
consumer. These qualities make this approach efficient and highly practical.

7 Conclusions

A biomechanical process (called Pronation [44]) occurs during ambulation that allows
the body to naturally absorb shock as each foot strikes the ground. Since the head is the
farthest body location from the ground, the accelerations become significantly damp-
ened [45], making it an unsuitable signal to detect steps. On the other hand, applications
in fitness tracking, indoor navigation, user authentication, vision enhancement for the
visually impaired will comprise a considerable portion of the smart glasses market and
they are all dependent on accurate step counts. With this motivation, we implement
and evaluate an accurate and reliable method for step detection using head acceleration
signals. Furthermore, our algorithm achieves superior step counting performance when
applied to the acceleration signal collected from other body parts. Our results demon-
strate the feasibility of our salience-based algorithm for performing pedometry on smart
glasses.
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