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Abstract: Gait analysis and more specifically the ambulatory monitoring of temporal and
spatial gait parameters may open relevant field of applications in activity tracking, sport and
also in the assessment and treatment of specific diseases. Wearable technology can boost
this scenario by spreading the adoption of monitoring systems to a wide set of healthy users
or patients. In this context, we assessed a recently developed commercial smart shoe - the
FootMoov - for automatic gait phase detection in daily life. FootMoov has built-in force
sensors and a triaxial accelerometer and is able to transmit the sensor data to the smartphone
through a wireless connection. We developed a dedicated gait phase detection algorithm
relying both on force and inertial information. We tested the smart shoe on ten healthy
subjects in free level walking conditions and in the laboratory setting in comparison with an
optical motion capture system. Results confirmed a reliable detection of the gait phase. The
maximum error committed, in the order of 44.7 msec, is comparable with previous studies.
Our results confirmed the possibility to exploit consumer wearable devices to extract relevant
parameters to improve the subject health or to better manage his/her progressions.
Keywords: wearable technology, gait phase, gait cycle, accelerometers, force sensors,
walking, smart shoe

1. Introduction
In the last decade, many groups have carried out research and development on wearable electronics
and sensors for unobtrusive, ambulatory and daily-life monitoring of human subjects. The results
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obtained have shown the possibility to use personal wearable devices to assist and support chronic
patients [1–5], elderly people [6,7], emergency operators [8,9] and also healthy subjects for sport,
wellness and prevention [10–12]. At the same time, the wearable technology market is exploded and
is expected to further increase over the next years, as proved by the growing interest of big players such
as Google, Apple and Samsung.
The current trend is to augment body worn objects - e.g. watches, glasses, bracelets - with information
and communications technology (ICT) to enable a bi-directional data exchange with the smartphone.
These wearable devices or simply wearables have been initially conceived as technological gadgets, but
have the potential to support the user in the self-management of his/her health and wellness. Indeed,
smart bracelets and/or watches can include physiological (e.g. photoplethysmography, electrodermal
activity) or inertial (accelerometers, gyroscopes) sensors able to perform real-time monitoring of
subject’s health parameters and movement/physical activity. Recent studies have reported the first
attempts to employ smart watches/bracelets in e-health applications [13–17] and many more are expected
in the years to come.
Another trend, less explored but not less promising, is to embed ICT devices inside the shoe. The
shoe is the ideal place to integrate sensors and communications technology: it has enough space for
the micro-devices and it is the object that every one wears for most of the day. This last aspect is the
key factor to enable user’s acceptance, as the user has not to wear additional items and the technology
can be completely hidden and transparent for him/her. The integration of inertial and force sensors
in the shoe may enable a wide number of applications, ranging from simple activity/fitness tracking
(e.g. activity classification, step count, burned calories), fragile people assistance (e.g. fall detection,
pedestrian navigation), to complex biomedical assessment and gait analysis.
The gait analysis is the study of human locomotion and is used to assess and treat patients with
conditions affecting their walking activity [18]. The way we walk consists in consecutive gait cycles.
Each gait cycle includes a predefined sequence of phases. According to the definition from Pappas et al.
[19], the normal gait cycle can be divided in four consecutive periods:
• Heel-strike: starts with the initial contact of the heel and ends when the entire foot is on the ground;
• Stance: the entire foot is in contact with the ground;
• Heel-off: the frontal part of the foot touch the ground while the heel is above the ground;
• Swing: the foot is not in contact with the ground and moves forward.
The gait events are defined as the transitions from one phase to the consecutive. The walking cycle
is the period from heel strike to heel strike of the same foot [20]. Both temporal and spatial gait
parameters are important to assess a disease and/or a traumatic event, and also to define and optimize
the treatment (e.g. rehabilitation, physical therapy). The main temporal gait parameters are: (i) the
stride period: the time from two consecutive ground contacts of the same foot; (ii) the step period: the
time from two consecutive ground contacts of the different feet; (iii) the duration of the gait phases
(Heel-strike, Stance, Heel-off, Swing), normally expressed in percentage to facilitate the comparison
between subjects; (iv) the cadence: the number of strides in a minute. The temporal gait parameters are
used in many biomedical and e-health applications, such as assessment of the recovery in stroke patients
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[21] and gait-cycle-based control of functional electrical stimulators (FES) for drop foot compensation
[22–24]. The main spatial gait parameters are: (i) the stride length: distance between two consecutive
ground contacts of the same foot; (ii) the step length: distance between two consecutive ground contacts
of the different feet. Note that if the step length and the cadence are known, it is possible to determined
the step velocity. In addition to stroke patients recovery evaluation [25], the spatial gait parameters (i.e.
stride length) can be associated to fall risk [26].
In-shoe sensor systems have been commonly developed for real time detection of gait parameters
and walking patterns with applications in the assessment of specific foot pathologies (e.g. flat foot
[27], diabetic foot [28]) and posture/activity recognition for healthy subjects [29–31] or people affected
by neurological conditions such as stroke [32,33] or celebral palsy [34]. In-shoe sensor systems are
generally based on movable pressure sensing insoles and/or inertial sensors, combined with an external
electronic module (signal acquisition/pre-elaboration, data transmission). Edgar et al. [35] proposed
a novel wearable device based on the combination of a smartphone and in-shoe sensors. The system
consisted of a pair of force sensing insoles and triaxial accelerometers. The device was applied to
compare the affected extremity vs. healthy extremity for rehabilitation of stroke patients. Bae et al.
[36], conceived a mobile gait monitoring system for the diagnosis of abnormal gait and rehabilitation.
The system measured the ground reaction force through force sensors consisting of an air bladder made
by winding a silicone tube and an air pressure sensor. The sensors were applied to a commercial shoe
combined with an external movable electronic unit.
Commercial products are limited to professional instruments for clinical evaluation and to few
consumer devices for sport and training of healthy users. Professional products include the F-scan
[37] (Tekscan Inc., USA) and the Pedar [38] (Novel Inc., USA) systems that are sensing insoles
for the monitoring of dynamic temporal and spatial pressure distributions. Example applications of
professional products are gait stability analysis [39], gait phase detection [40] and analysis of the gait
characteristics during running [41]. Despite the reliable performance and the high spatial resolution,
the professional systems are not suitable for long term monitoring in daily life conditions: both systems
are expensive (order of several kEuros) and use electrical wires to connect the insole to the waist-worn
acquisition system. The consumer products are generally made by applying an external measurement
and transmission unit to a dedicated shoe (e.g Adidas miCoach, Nike + iPod). The common aspect is the
reduced number of sensors (typically only one inertial sensor) and the interaction with the smartphone
in which dedicated app can deliver special information to the users (e.g workout time, velocity, distance
travelled, calories), engaging them for reaching higher performance during physical activity.
In the current paper, we assessed a recently developed commercial smart shoe for automatic gait phase
detection in daily life. The prototype we employed is the FootMoov smart shoe [42] produced by the
Italian shoe factory Carlos srl. FootMoov was originally designed as a mobile game controller and for
simple physical activity training and coaching. FootMoov can be interfaced with the smartphone through
a wifi connection and has built-in force sensors (heel and forefoot), triaxial accelerometer (forefoot),
chargeable battery and acquisition/transmission module. Note that, unlike the current professional and
consumer products, no external module is needed and all the hardware is integrated inside the shoe. In
accordance to the current trends in wearable technology, the aim of this work is to show that is possible to
employ a low cost smart shoe as a tool for biomedical and e-health applications, allowing the continuous
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and long time monitoring of users/patients in daily life. In particular, we assessed the smart shoe for
the real time quantification of the temporal parameters of gait. We developed a dedicated gait phase
detection algorithm that combines the information extracted from the force and accelerometer sensors
of the FootMoov smart shoe. In a first experiment, we collected data on ten healthy subjects in free
level walking conditions to perform a preliminary and semi-qualitative assessment of the system and
algorithm performance. By visual inspection of the acquired signals we observed that the gait detection
was reliable for all the subjects. In the same test, we compared the number of detected strides with the
real number of strides performed by the subjects. Stride detection accuracy was very good. In a second
test we performed a quantitative evaluation of the system in comparison with a reference gait phase signal
obtained by an optical motion capture instrument (BTS Smart DX 100 [43]). In particular, we evaluated
the time delay with respect to the gait phase reference signal. Again the results were promising (mean
error of 44.7 msec, comparable with the FootMoov sampling frequency) and comparable with previous
studies.
2. Material and Methods

2.1. FootMoov
FootMoov is an innovative smart shoe with sensors and electronic unit fully integrated inside the
footwear, below the insole. The wireless (WiFi) connection enables the use of dedicated smartphone
or tablet apps for the acquisition and elaboration of the sensor data. The smart shoe includes two force
sensors and one triaxial accelerometer. As shown in Fig. 1, the force sensors are located approximately
in the center of the heel and forefoot regions, while the accelerometer is positioned below the insole
in correspondence of the shoe tip. FootMoov has a built-in battery, chargeable through a mini-USB
Figure 1. The FootMoov prototype. The green arrows indicate the location of the heel and
forefoot force sensors (output Fh and Ff respectively). The position and orientation of the
accelerometer (outputs ax, ay, az) inside the shoe is described by the local reference frame
reported in red (xa , ya , za ). In the rear part of the shoe it is possible to see the on/off switch
and the mini-USB connector for battery charging.
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connector placed in the rear part of the shoe, below the turn on/off switch. Sensors and electronics are
integrated in the right shoe only. Inclination and foot movement could be estimated from accelerometer
data, while the foot physical interaction with the ground can be extracted from the force sensors. The
smart shoe samples and streams the logical values of the converted sensor data to the smartphone (25
Hz).
2.2. Gait phase detection
To develop our gait phase detection algorithm we started from a revision of the existing methods.
The review from Rueterbories et al. [44] provides a full overview of the gait phase detection methods
considering both in-shoe and on body systems. Many research works performed gait phase detection
through inertial sensors such as accelerometers, gyroscopes or their combination, e.g. [45–47]. Most
research works dealt with force based methods, employing in-shoe foot-switches or force sensitive
resistors (FSRs) to measure the body/ground force interaction. Force based methods have reliable
performance, but are unable to discriminate walking activities from load changes (i.e. in foot drop
control this implies the user to turn off the detection/control system at the end of the walking activity).
Pappas et al. [19] combined force and inertial sensors to obtain a reliable gait phase detection system,
able to discriminate walking activities from load shifting in static tasks. They employed three FSRs (one
under the heel and two under the fore-foot region) and a gyroscope attached to the back side of the shoe
(above the heel). Force sensors detected the foot loading/unloading in the correspondent areas, while
the gyroscope estimated the foot inclination and rotational velocity. In their work, Pappas at al. detected
the four gait phases (see Section 2.1) through a state machine whose transitions were governed by a
rule based algorithm applying predefined thresholds on the parameters extracted from the sensors (foot
loading/unloading, inclination, rotational velocity).
Since FootMoov has both force and inertial sensors (see Section 2.1), we inspired our gait detection
algorithm by the one of Pappas et Al. [19]. In particular, we employed a similar state machine with four
states corresponding to the four gait phases described in Section 1. As described in Section 2.2.1, we
pre-processed the FootMoov sensor data to obtain the quantities for the rule based transitions between the
machine states. More specifically, we pre-processed the triaxial accelerometer signal to extract the foot
0
inclination (the yaw angle ψ) and the inclination velocity (the yaw time derivative ψ ) and we acquired
the heel and fore-foot loading signals from the FootMoov force sensors (Fh and Ff respectively). Finally,
Section 2.2.2 describes the gait phase detection algorithm applied to pre-processed FootMoov signals.
2.2.1. Signal pre-processing
We converted the accelerometer signals from logical values to the measured acceleration expressed
in unit of g (ax, ay, az). Since the accelerometer z-axis was not precisely aligned with the absolute
vertical when the shoe was placed on an horizontal plane, we measured the initial inclination and applied
preliminary calibration phase to avoid offset on the inclination angle. The typical accelerometer signal
during walking can be observed in Fig. 4(a), Fig. 4(b) and Fig. 5 (middle graphics).
We pre-processed the accelerometer signal to estimate the foot inclination (yaw angle ψ), needed by
the phase detection algorithm described in Section 2.2.2.
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Triaxial accelerometers measure both inertial acceleration and local gravity. In static conditions only
the gravity is present and the inclination of the accelerometer with respect to the vertical is known. In
these conditions, the Euler angle ψ (ZYX convention [48]) can be obtained in terms of the accelerometer
components:
ψ = atan2(ay, az)
(1)
where atan2 is the four quadrant inverse tangent. In dynamic conditions, the estimation of ψ by the raw
accelerometer components (Equation 1) is not reliable due to the effect of the inertial acceleration. It is
well know that the inclination estimation error increases as the activity intensity increases (e.g. running,
jumping). In literature, to overcome this issue, low pass filtering with very low cut-off frequencies [49]
or complex Kalman filter based techniques [50] were applied. These techniques can introduce delays
that are not compatible with gait phase detection.
Considering the accelerometer inside the FootMoov prototype (Fig. 1), the yaw angle represents the
rotation angle of the foot around the accelerometer x axis (positive for anti-clockwise rotations). In our
application, we can suppose to have quasi-static conditions when the foot is in contact with the ground
(from the Heel-strike to the end of the Heel-off phase) and dynamic conditions when the foot is flying
forward (Swing phase). As we will describe in Section 2.2.2, our gait phase detection algorithm exploits
the inclination information to detect the transitions between Heel-strike to Stance and Stance to Heel-off.
In these situations, we can consider the accelerometer in quasi-static condition and we can directly apply
Equation 1 to the raw accelerometer components to obtain the yaw angle (ψ).
For the force sensors we simply scaled the outputs (logical values) to obtain the Fh and Ff signals
with the following characteristics: (i) Fh = 0 and Ff = 0 when the sensors are unloaded and (ii) Fh ≈ 1
and Ff ≈ 1 when the sensors are fully loaded. We determined the scale factor after a preliminary
experimental session in our laboratory. The typical behaviour of Fh and Ff during the walking cycle of
different subjects is reported in Fig. 4(a) , Fig. 4(b) and Fig. 5 (top graphics).
2.2.2. Detection algorithm
The state machine is reported in Fig. 2. Four state transitions (Ei , i = 1..4) are allowed and
correspond to the gait events of the normal walking. The state transitions are governed by the following
rules:
• E1 (Heel-strike to Stance): in the Heel-strike state, Stance is detected when both heel and fore-foot
sensors are loaded or the foot rotational velocity is close to zero ( [Fh > thF h AND Ff > thF f ]
0
OR |ψ | < δψ0 );
• E2 (Stance to Heel-off): in the Stance state, Heel-off is detected if the heel sensor is unloaded and
the foot inclination angle (ψ) exceeds a certain threshold (Fh < thF h AND ψ > thψ );
• E3 (Heel-off to Swing): in the Heel-off state, Swing is recognized if heel and fore-foot are
unloaded and the rotational velocity turns from positive to negative ([Fh < thF h AND Ff < thF f ]
0
AND ψ < 0);
• E4 (Swing to Heel-strike): in the Swing state, Heel-strike is detected as the heel touch the ground
and the heel sensor is loaded (Fh > thF h ).
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Figure 2. Gait phase detection algorithm
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We also evaluated the stride period as the temporal distance between the onset of two consecutive
Heel-strike phases and, accordingly, the cadence as the number of strides per minute. The state machine
has the same working frequency of the FootMoov sampling rate (25 Hz). We evaluated the threshold
values (thF h , thF f , thψ , δψ0 ) experimentally, after initial tests with different subjects performing walking
activity.
2.3. Experiments
To assess the FootMoov system and the gait phase detection algorithm we conceived two different
experimental tests.
The first test aimed at a semi-qualitative assessment of the prototype and the gait detection algorithm
in daily life free walking conditions. Ten healthy subjects were recruited and were asked to walk on
level ground. The subjects walked in outdoor conditions in an open space free of obstacles. The subjects
had no physical or neurological impairment that affect the characteristics of their walking activity. They
were instructed to choose the cadence of a normal walking activity. We requested the subjects to wear the
FootMoov shoes and to execute a fixed number of strides (150 strides) repeated for 4 times. During each
session number of strides, distance traveled and time elapsed were manually stored as useful information
for the evaluation of the system and the algorithm developed. The subject characteristics were different
for age, weight and height and are reported in Table 1. We developed a dedicated app to collect FootMoov
raw data (force sensors and accelerometer) that were transmitted and stored in the smartphone that
was kept in the subject’s pocket during the walking trials. Data were elaborated off-line in Matlab
by applying the pre-processing algorithms of Section 2.2.1 and the gait phase detection algorithm of
Section 2.2.2. Note that, even if we performed an off-line processing, our algorithms are suitable for real
time implementation (i.e. mandatory for applications such as the drop foot control).
Table 1. User characteristics
Age (mean ± std) [range] Weight (mean ± std) [range] Height (mean ± std) [range]
26,75 ± 3,1 [24 - 33]
76,875 ± 8,5 [68 - 93] Kg
1,768 ± 0,06 [1,65 - 1,85] m
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Figure 3. Subject performing the trials within the motion capture (BTS system) workspace.
The two markers, attached to the right FootMoov shoe at the tip and heel area, are tracked
by the BTS system during the walking activity.

The second test aimed at a quantitative evaluation of the smart shoe and the detection algorithm. We
evaluated the accuracy of the system in terms of delays with respect to a reference gait phase signal
obtained through an optical motion capture device. We adopted a four cameras optical motion capture
system (Smart DX100 produced by BTS Bioengineering [43]). Two passive markers were applied to the
FootMoov shoe, as shown in Fig. 3, in correspondence of the tip and heel area. The absolute position of
the markers was acquired by the BTS system with a working frequency of 100 Hz. According to [19],
we built the gait phase reference signal by applying a rule based algorithm to the vertical positions of
the heel and tip markers. Subjects were asked to wear the FootMoov shoes (with the passive markers
on) and to walk within the workspace of the cameras (see Fig. 3). At the same time, raw sensors data
coming from the FootMoov system were acquired and stored in the smartphone. The space used for
this experiment was about 5 meter long and 2 meter wide, and the subjects repeated the session 4 times.
Again data were elaborated off-line (pre-processing, gait phase detection) and were synchronised and
compared to the reference gait signal.
3. Results and Discussion
Fig. 4 shows a typical output of the gait phase detection algorithm for two subjects performing the
evaluation test in outdoor, free walking conditions (first test described in Section 2.3). The force and
accelerometer signals (Fh , Ff , ax, ay, az) and the detected gait phase signal are reported. The gait phase
signal has four levels corresponding to the four gait phases: 1) Heel-strike; 2) Stance; 3) Heel-off; 4)
Swing. In all the trials performed the gait phase detection performance was reliable and was verified by
a visual inspection of the sensor signals. To reinforce these qualitative considerations, we evaluated the
number of strides recognised in comparison with the effective number of strides (150 strides, performed
by 10 users for 4 times each, for a total of 6000 steps registered). The algorithm showed very good
results in terms of number of stride identified with an accuracy of 98,7% of the whole amount of data,
and with a maximum error of 2 steps in a single trial. Note that a reliable stride counting may be also
important to estimate the distance travelled, as demonstrated by the Truong et al. study [51].
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Figure 4. Typical output of the gait phase detection algorithm for two different subjects.
In the top graph, the force value Fh and Ff are reported. The middle figure reports the
calibrated accelerometer components (ax, ay, az). The bottom trace is related to the detected
gait phases.
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Fig. 5 shows a typical comparison between the FootMoov gait phase detection and the reference signal
obtained by the optical motion capture system (second test described in Section 2.3). The comparison
with the reference system demonstrated the reliable performance of our approach. First of all, by
visual inspection, it is possible to observe that our gait phase signal was always well correlated with
the reference gait signal. For a quantitative evaluation we calculated the average time delay that affected
the onset of the gait phase detection. The average delay among the four phases was 44.7 msec. This delay
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was comparable with the results of previous studies such as [19]. Note that the low sample frequency
(25 Hz) of Footmoov introduces a time resolution of 40 msec, comparable with the error committed.
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Figure 5. Comparison of our gait phase detection algorithm and the reference gait phase
signal. In the top graph, the force value Fh and Ff are reported. The middle figure reports
the calibrated accelerometer components (ax, ay, az). In the bottom figure, the reference
gait phase signal is reported in red while the signal obtained by FootMoov elaborated with
our detection algorithm is reported in blue.
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Despite the promising performance, several limitations of our work should be acknowledged. First,
we tested our algorithm for level walking condition only, without considering other possible typical
situations such as stair ascending/descending or irregular ground (i.e. in stair ascending/descending the
first contact after the swing phase is not likely to be on the heel). The second limitation is that we tested
the system and the algorithm with healthy subjects with normal walking style (pathological gait can have
different sensor signatures, difficult to be detected by the algorithm). However, our study was conceived
as a preliminary evaluation of the commercial wearable technology and as a test for our algorithms to
be used in daily life conditions for biomedical applications, but a more intensive testing phase with
different walking conditions would be needed. We expect that both issues could be solved by adding
new possible transitions between the machine states. Another possible solution would be to study and
develop a system of adaptive thresholds that can be tailored to the particular walking style or pathology.
The last limitation is related to the reference signal obtained with the optical system. A validation against
a force platform would be more solid and will be considered in future works.
4. Conclusions
In this paper, we have reported the assessment of a consumer smart sensing shoe for the detection of
gait phases during walking activity. We developed a gait phase detection algorithm that fuses data of
inertial and force sensors built-in the FootMoov smart shoe. We tested the prototype and the detection
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algorithm in free level walking conditions on ten healthy subjects and in the laboratory setting in
comparison with an optical motion capture system. The combination of force sensors and accelerometers
provided a reliable detection of the gait phases and made it possible to discriminate walking activity from
load shifting in static tasks. As semi-qualitative results, the algorithm, tested in free walking condition,
showed an accuracy of 98.7% in terms of number of strides identified and performed a reliable detection
of the gait phases and their transitions. To obtain a quantitative evaluation of the performance of the
wearable system and the detection technique we extracted the time difference between our gait phase
signal and a reference signal obtained from the motion capture instrument. We achieved a mean delay of
44.7 msec, comparable to previous study on this field, and mostly limited by the low sampling frequency
of the smart shoe (25 Hz). In terms of possible applications, the achieved performance may be compatible
with real time FES drop foot compensation (errors below 70 msec are considered sufficiently small [52]).
In conclusion, we have demonstrated the possibility to use a consumer and low cost wearable device
for the daily life estimation of temporal parameters of gait. The demonstrated performance and the
characteristic of the prototype - that is a conventional shoe that can be worn without any discomfort for
the user- may boost the application of such technology in many fields. For example, it may be possible
to monitor or prevent specific gait conditions or to manage and coach the recovery from a physical
or neurological pathology. Another possible application may be to use the smart shoe as a feedback
device to train healthy subjects or athletes in the optimisation of their walking/running behaviour. Future
works will be devoted to extensive tests on a wider number of subjects (both normal and pathological
walkers) with different walking conditions . The possibility to develop a system of subject-specific or
pathology-specific thresholds will also be considered. We will also study the detection of spatial gait
parameters to complete the set of relevant parameters that can be extracted by the wearable system.
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