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Abstract— To ensure effective medical follow-up, it is im-
portant to observe the physical aspects of a patient. With
limited human resources and a large number of patients, the
physical space of hospitals are only available for patients on
serious health conditions. However medical follow-up is still
necessary in some cases. To ease the medical follow-up, wearable
technology can be used to allow for a remote monitoring of
patients. A microelectronic system is able to verify and monitor
parameters related to the health status of a patient. In this work
we measure and analyze the angular acceleration and velocity
of the three axes. We also consider the sensor position, ankle or
wrist, and its impact on the step detection performance. Results
are compared for various algorithms such as fast Fourier
transform (FFT) analysis for acceleration, FFT analysis for
angular velocity and the estimation of signal parameters by
rotational invariance techniques (ESPRIT) are proposed for
step detection with reduced error when compared to the state
of the art.

I. INTRODUCTION

The constant advance in hardware miniaturization, in-

crease in electronic sensors offer in the market and also the

increasing popularity of the Internet of things (IoT) help the

creation of new functionalities for current products such as

refrigerators, lamps and watches. Wearable accessories are

already being used in a microcontroller-based implemen-

tation to measure parameters such as temperature [1], [2],

differential pressure [3]–[5] and heart rate [6]–[9] enabling

the acquisition and monitoring of relevant real-time data of

the patient. Another important aspect of a patient health is

physical activity. A physical activity has large impact on the

patients health and can be related to regular body motion

and the practice of sports.

In the United States, obesity has already reached epidemic

proportions and it tends to be become a global problem [10].

In a survey conducted by the Brazilian Institute of Geography

and Statistics (IBGE), it is seen that over 5 % of Brazilians

population is obese and 40.6 % of the population above 20

years old is overweight. By remotely monitoring the physical

behavior of a patient, physician assistance can be improved

significantly by providing the physician a better perception

of the patients health state [11]. In that sense, it is possible

to evaluate physiological anomalies that require a longer

period of observation, a procedure that often requires hospital
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admission. Therefore, for stable cases, a remote monitoring

via wearable device can be conducted. Also, in the sedentary

population, a large period deprived of physical activity can be

an indication that a patient will suffer a disease aggravation

including diabetes or heart conditions.

In this work the amount of steps is used as an indicator

of physical activity. To determine a step event, a gyroscope

[12] or an accelerometer [13], [14] can be used to capture

the dynamic movement of the human body during a walk

cycle. The acceleration and the angular velocity are used to

provide estimated of the amount of steps. We propose step

detection via the estimation of signal parameters by rotational

invariance techniques (ESPRIT) and compare it with fast

Fourier transform (FFT)-based approaches. The proposed

technique has a better estimation for sensors on the users

wrist. Also, the estimation is better at low walking speeds

where the signal amplitude is lower. This result is relevant

for other types of treatment, such as home-based physiother-

apy programs for individuals with neurological diseases, as

indicated in [15], on which low speed walking exercises are

used for treatment. Adherence of patients to theses exercises

is important to improve the outcome of treatment, in which

remote assessment enabled by the proposed step-counting

algorithm can be employed.

The remainder of this work is divided into six sections

including this introduction. The data model and its relation

to the movement dynamics is shown in Section II. In

Section III, the state of the art techniques on step count

are briefly reviewed. The proposed technique is presented

in Section IV. Experiment setup and its results are detailed

in Section V. Finally, conclusions are drawn in Section VI.

II. DATA MODEL OF THE MOVEMENT DYNAMICS

The behavior of a signal captured by movement sensors

during a cycle is influenced by the position of the sensor

on the body, type of sensor and its physical orientation.

Nevertheless, the key characteristics of the movement pre-

dominates over the aforementioned variations. Since the

walk cycle movement is periodic, it is accurate to mention

that signals from the sensor should also present a periodic

behavior. Hence, we can infer the walk cycle by means of

the analysis of the periodicity of the signals. In this Section,

we analyze signals from sensors located at the ankles and

wrist of a wearable equipment user.

In Figure 1, the acceleration at one of the axis of an

accelerometer is plotted. By visually inspecting Figure 1, it

is easily verified that the signal is periodic with frequency f
and period T = 1/f .
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Fig. 1. Acceleration measured at the wrist for one axis. The periodicity
of signal is confirmed by visual inspection

Also, the angular velocity measurements resembles a

periodic signal as shown in Figure 2. As the arm swings,

the angular velocity at the wrist changes in a movement

similar to a pendulum. It is worth nothing that one period

T of the arm swing corresponds to two steps. Therefore,

the signal from either an accelerometer or gyroscope can

be modeled as a real periodic signal composed of various

frequency components.

xj(t) =
∑

i

ai,j cos(2πfit+ φi) + nj(t), (1)

where ai, fi and φi are the real and nonnegative amplitude,

frequency and phase of the i-th sinusoidal component of

x(t) and n(t) is additive noise. The index j =∈ {x, y, z}
indicates the Cartesian axis. By applying Euler’s formula (1)

is translated to a sum of complex exponentials

xj(t) =
∑

i

αi,j

2
(ej2πfit + e−j2πfit) + nj(t), (2)

where αi,j = ai,je
φi is a complex weight with amplitude

and phase.
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Fig. 2. Angular velocity measured by a gyroscope at the wrist for one
axis. The periodicity of the angular velocity is also periodic.

In this work we consider that the component with the

greatest amplitude corresponds to the most significant arm

swing movement. Hence, it suffices to estimate the frequency

from the highest component. The remaining components can

then be regarded as additive noise and it is considered that

argmax
i

|αi| = 1 without loss of generality. Finally, we

rewrite (2)

xj(t) =
α1,j

2
(ej2πf1t + ej2π(−f1)t)

+
∑

i>1

αi,j

2
(ej2πfit + ej2π(−fi)t) + nj(t), (3)

=
α1,j

2
(ej2πf1t + ej2π(−f1)t) + vj(t), (4)

where v(t) =
∑

i>1
αi,j

2 (ej2πfit + ej2π(−fi)t) + nj(t). We

can also build a time-block matrix model of the acquired

signal as

Xj =
[

xj(0) xj(1) · · · xj(M − 1)
]T

∈ R
M×N , (5)

where xj(t) = [xj(t), xj(t + 1), . . . , xj(t + N − 1)]T and

M is the number of time blocks.

III. STATE-OF-THE-ART STEP DETECTION

TECHNIQUES

In this section a brief review of two techniques for walk-

cycle detection. The first one shown in Subsection III-A is

a peak detection technique proposed in [14]. The second

technique proposed in [13] is based on the FFT and is

reviewed in Subsection III-B.

A. Peak-detection Step Count

The working principle of the algorithm in [14] is the zero

velocity of the leg when the foot is about to touch the ground,

creating a change in acceleration that can be detected by an

accelerometer at the users leg. This deceleration of the leg

also coincides with the deceleration of the arm during its

swing cycle.

Prior to the step count, preprocessing is usually needed to

reduce noise. First a band-pass filter is used to mitigate the

noise outside the frequency range of interest between 0.6 Hz

and 2 Hz. Then, since we are only interested in deceleration,

the positive samples are zeroed.

For the detection, first a low pass filter is applied to

remove high frequency components of xj(t) that could cause

false detections. Then, the signal is squared such that peaks

are accentuated. Finally the amount of peaks during a time

window of N · Ts seconds is

n̂ = npeaks
(

x
2(t)

)

, (6)

where xj(t) = [xj(0), xj(1), . . . , xj(N − 1)], Ts is the

sampling frequency and the operator npeaks(·)1 determines

the number of peaks inside a time block. The threshold for

peak detection is chosen as

η =
1

4
·max

(

x
2
j (t)

)

. (7)

1In MATLAB the number of peaks can be found running the function
findpeaks() and in Python by running scipy.signal.find peaks().



B. FFT-based Step Count

Nowadays virtually every smartphone possesses a gyro-

scope or accelerometer. In [12], these embedded sensors

in a smartphone were taken advantage of to elaborate an

algorithm for step detection based of the FFT. In this work,

the algorithm proposed by [12] is tested on standalone

sensors.

The first step for this method is the choice of the Cartesian

axis j. The criteria is to choose the most sensible axis defined

as

j = argmax
α={x,y,z}

N−1
∑

t=0

|xα(t)|. (8)

Then, the FFT is computed and a peak search is conducted

to find the greatest frequency. During a regular walk between

2 km/h and 5 km/h, the arm swings with a frequency between

0.6 Hz and 2 Hz. Therefore, a peak search is performed

inside this region

k̂ = argmax
k

|Xj(k)|, (9)

where Xj(k) =
∑N−1

n=0 xj(n)(e
−j 2π

N )nk and the direct

relation to the continuous frequency is f̂ = 2πk̂fs/N .

An example of FFT for a person walking with a gyroscope

attached to his wrist is shown in Figure 3. In Figure 3, we

can clearly see a peak at about 0.9 Hz. For a time window

N · Ts = 10 seconds this would mean the detection of 18

steps, i.e. the estimated number of steps is n̂ = f̂ · N · Ts.

In a practical case, in order to increase detection accuracy, a

4th order polynomial regression is also used.
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Fig. 3. Example of an FFT computed from the gyroscopes signal. The
gyroscope is attached to a persons wrist.

IV. PROPOSED ESPRIT-BASED STEP DETECTION

In this section we propose the usage of ESPRIT [16] to

estimate the frequency [17] of an accelerometer attached to a

persons arm. We start by presenting the rotational invariance

property that states that two vector are related by a phase

rotation.

By analyzing the sinusoid signals in (4) we build a signal

matrix

V =











α1,j

2 ej2πf1t
αi,j

2 ej2π(−f1)t

α1,j

2 ej2πf2(t+1) α2,j

2 ej2π(−f2)(t+1)

...
...

α1,j

2 ej2πfi(t+N) αi,j

2 ej2π(−fi)(t+N)











(10)

and relate two consecutive time blocks by a single phase

rotation

V2 = V1Φ ∈ R
N−1×2 (11)

where Φ = diag[ej2φf1 ej2φ(−f1)] and V1 and V2 are matri-

ces containing the first and last N−1 rows of V, respectively.

After computing the sample correlation matrix R =
XjX

T
j /N , its eigenvectors can be found by applying the

eigenvalue decomposition (EVD)

R = UΛU
T ∈ R

N×N , (12)

where U ∈ R
N×N is the matrix containing the eigenvectors

in its columns and Λ ∈ R
N×N the eigenvalues in its main

diagonal. The eigenvectors can be partitioned into the signal

and noise subspaces,

U = [Us Un] ∈ R
M×M (13)

where Us ∈ R
M×2 contains the eigenvectors corresponding

to the two biggest eigenvalues.

Since the signals are modeled as a sum of complex

exponentials, Us can be mapped into V by a linear trans-

formation [18]

V = UsT. (14)

One can note that V1 and U1 also span the same subspace,

therefore the transformation remains valid for V1 = U1T

and V2 = U2T. Since the pairs V1 and U1 and V2 and

U2 span the same subspace, we can write a similar rotation

as in (11)

U2 = ΨU1, (15)

where the solution for Ψ gives its eigenvalue decomposi-

tion, i.e. Ψ = TΦT
−1. Finally, the positive frequency is

estimated as

f̂ = max
l

∠φl

2π
, (16)

where φl is the l-th eigenvalue of Ψ. To estimate the number

of steps is straight forward. Similarly as in Section III-B, the

number of steps is estimated by n̂ = f̂ ·N · Ts.

V. EXPERIMENTS AND RESULTS

For the experiments a smartphone containing an ac-

celerometer was attached to the wrist of three subjects and

the data was logged into the smartphone and latter processed

by a computer. The representation of the orientation of the

3 axis and the position of the smartphone on the body is

shown in Figure 4.

The physical characteristics of the subjects are shown in

Table I. The subjects from Table I walked on a treadmill

with constant speed. A single recording was done for each

speed, that varied from 2 km/h to 5 km/h. These speeds



Fig. 4. Smartphone positioned at the wrist of a subject

correspond to a very slow walk at 2 km/h and a fast paced

walk at 5 km/h, considering the heights of all subjects. For

each speed, the subject walked 50 steps during the recording

with a sample rate of 205 Hz. The duration of the recordings

was measured as the time between the first and last step of

each signal. For comparison, an off-the-shelf smartband2 was

also used.

Gender Age Height Weight

Subject #1 F 26 1,61 m 54 Kg
Subject #2 F 18 1,64 m 56 Kg
Subject #3 M 23 1,68 m 84 Kg

TABLE I

PHYSICAL CHARACTERISTICS OF THE EXPERIMENT SUBJECTS

The results for the detected steps are shown in Figure 5,

and Figure 7. When the walk pace is very slow, in general,

the algorithms and the smartband underperform. For speeds

above 3 km/h almost all algorithms stabilize. The peak

detection algorithm underperfom for all cases since it was

designed for bands attached to the ankle. The deceleration

on the wrist is much smoother, attenuating the peaks that

need to be detected. Hence, a frequency estimation-based

algorithm is more suitable for smartbands on the users wrist.
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2For this test a Fitbit Charge 2TM was used.
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Fig. 5. Number of steps estimation for test on subject #1
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Fig. 6. Number os steps estimation for test on subject #2
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Fig. 7. Number of steps estimation for test on subject #3



To evaluate the overall performance of the algorithms we

plot the RMSE=
√

E[|n− n̂|2] is plotted in Figure 8. In

Figure 8 it is seen that the proposed algorithm overperforms

the other algorithms for speeds above 3.5 km/h.

VI. CONCLUSIONS

In this work, a ESPRIT-based algorithm was proposed for

the detection of steps in wearable devices. The proposed

algorithm was compared with two state-of-the-art algorithms

and an off-the-shelf smartband.

At regular walking speeds, the proposed algorithm out-

performs the state of the art. This result indicates it is

more suitable for assessment and supervision of low-impact

walking exercises for patients with limited mobility. It

also has shown consistent results among all speeds tested,

showing that the proposed algorithm may present sufficient

step counting estimation for supervision of running with

additional experiments.
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