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Abstract
With the rapid development of smart mobile terminals, smart wearable devices,
and pedestrian positioning and navigation systems based on inertial sensors,
extensive research on step detection algorithms using MEMS accelerometers
has been conducted to address the step counting requirements of these devices
and systems, yielding excellent results. This paper first examines the existing
technical methods in this field, delineating its development status, principal
research focuses, methodological categories, and application contexts. It then
provides a comprehensive review of the current research landscape, elaborating
on various step detection algorithms and analyzing their respective advantages
and disadvantages from the perspectives of data preprocessing methods and
step validation approaches. Subsequently, an in-depth exploration of the key
research points in this domain is presented, with an analysis and synthesis of
the technical methods in step detection algorithms pertinent to these research
focuses. Finally, future development directions for the field are discussed and
envisioned, offering insights for prospective research endeavors.
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Abstract: With the rapid development of intelligent mobile terminals, smart
wearable devices, and pedestrian navigation systems based on inertial sensors,
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a large number of research efforts have been carried out on step detection al-
gorithms using MEMS-based acceleration sensors to meet the step-counting de-
mands of these devices and systems, achieving excellent results. This paper
reviews the existing technical methods in this field. First, it elaborates on the
development of the field, identifying the main research points, method cate-
gories, and application scenarios. Then, it surveys the current research status,
describing and analyzing various step detection algorithms from two perspec-
tives: data preprocessing methods and step validation methods, along with
their respective advantages and disadvantages. Next, it conducts an in-depth
discussion of the key research points in this field, analyzing and summarizing the
technical methods related to these points. Finally, it discusses and prospects
future development directions in this field to provide references for subsequent
research.

Key Words: step detection; MEMS; acceleration sensor

0 Introduction
Traditional step detection methods utilized the inertia of metal pendulums or
steel balls [1]. With the development of MEMS technology, MEMS-based accel-
eration sensor technology has matured, offering small physical size, light weight,
and portability, while achieving accuracy and reliability in acceleration measure-
ment that meets practical application requirements. Many smart mobile termi-
nals such as smartphones and smart bracelets have already embedded MEMS
acceleration sensors. As these devices demand step-counting functionality, step
detection algorithms based on MEMS acceleration sensors have received increas-
ingly widespread attention.

MEMS acceleration sensor-based step detection involves using predetermined
algorithms or methods to calculate and identify steps from data collected by
the sensor during human walking, thereby deriving the number of steps taken.
Therefore, the accuracy of step detection algorithms—the error between the
step count calculated by the algorithm and the actual step count—is the pri-
mary factor in judging algorithm quality. As research in this field continues to
deepen, issues beyond accuracy, such as algorithm adaptability and real-time
performance, have become prominent. For example, enabling step detection al-
gorithms to adapt to different sensor positions on the human body and various
walking patterns ultimately aims to improve accuracy across multiple scenarios.
In some application scenarios, step counting results need to be generated within
a short time. Thus, the current research points in this field mainly focus on
accuracy, adaptability, and real-time performance.

In 2002, Ladetto et al. [2] proposed in their designed pedestrian navigation
system that acceleration sensors could be used to detect pedestrian steps and
calculate walking distance by combining step length. In 2007, Jang et al. [3] im-
plemented a highly robust step detection algorithm based on a two-axis MEMS
acceleration sensor. In recent years, step detection algorithm research has devel-
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oped rapidly, with many domestic and foreign scholars contributing to this field
and numerous methods emerging. These mainly include step cycle recognition
methods [1], autocorrelation analysis methods [4–7], peak detection methods [8–
18], fuzzy logic methods [19], zero-crossing detection methods [20,21], finite state
machine methods [22–24], zero-velocity update methods [25–27], and dynamic
time warping methods [1,8]. Research in this field strongly promotes studies in
smartphone step-counting applications [28,29], smart pedometer design [30–32],
sports health monitoring applications [33,34], and pedestrian localization and
navigation technology based on PDR [35,36]. Meanwhile, with the development
of smartphones and mobile intelligent terminal devices, applications in this field
have also advanced. Many manufacturers, such as Jawbone [37] and Apple [38],
have developed applications related to step detection for the MEMS acceleration
sensors inside their devices. By detecting and analyzing users’walking steps
and combining them with a series of health indicators, they provide users with
health guidance.

1 Research Status of Step Detection Algorithms
As described in the introduction, step detection algorithms employ appropri-
ate methods to calculate and identify steps from data collected by acceleration
sensors during human walking. The process consists of two stages: the data
preprocessing stage and the step detection and verification stage. This section
analyzes the research status of step detection algorithms from these two stages,
combined with an analysis of the advantages and disadvantages of each algo-
rithm.

1.1 Data Preprocessing Methods

Preprocessing data collected by MEMS acceleration sensors to restore data reg-
ularity is a crucial component of step detection algorithms. Taking the acceler-
ation sensor in a mobile phone as an example, during human walking, the way
a person holds the phone is arbitrary, which may cause the collected data to
exhibit irregular variations—commonly referred to as noisy data. The purpose of
data preprocessing is to minimize noise in the raw data to serve the subsequent
step detection algorithm’s calculation and identification of steps.

1.1.1 Calculation of Synthetic Acceleration Currently, 3-axis MEMS ac-
celeration sensors are widely used to collect human walking data, with the three
axes being X, Y, and Z—representing a three-dimensional data representation
method. The synthetic acceleration can be calculated using the following equa-
tion:

𝐴𝑐(𝑡) = √𝑎𝑥(𝑡)2 + 𝑎𝑦(𝑡)2 + 𝑎𝑧(𝑡)2

where 𝑎𝑥(𝑡), 𝑎𝑦(𝑡), and 𝑎𝑧(𝑡) represent the sampled values of the X, Y, and
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Z axes at time 𝑡, respectively, and 𝐴𝑐(𝑡) is the synthetic acceleration, whose
physical meaning represents the instantaneous acceleration magnitude of the
object measured by the acceleration sensor at time 𝑡.
References [6,7,9,16–18,24,30,44] adopted this method for preprocessing acceler-
ation data. Research shows that this method is simple to compute and consumes
fewer resources. The arbitrariness of how humans carry acceleration sensors may
cause the three-axis acceleration direction to be inconsistent with the direction
of human motion. Calculating synthetic acceleration can partially eliminate
noise caused by this factor [6].

Tang et al. [1], when studying an adaptive step detection algorithm, utilized
gravity to calculate vertical and horizontal acceleration based on synthetic ac-
celeration. Research shows that this method further eliminates noise in raw
data caused by the sensor’s carrying method and human walking habits. The
methods for calculating vertical and horizontal acceleration are as follows:

𝑔 = √𝑔2𝑥 + 𝑔2𝑦 + 𝑔2𝑧

𝑎 = √𝑎2𝑥 + 𝑎2𝑦 + 𝑎2𝑧

𝑎𝑣 = 𝑎𝑥𝑔𝑥 + 𝑎𝑦𝑔𝑦 + 𝑎𝑧𝑔𝑧
𝑔

𝑎ℎ = √𝑎2 − 𝑎2𝑣

In equation (2), 𝑔𝑥, 𝑔𝑦, and 𝑔𝑧 represent the gravity components in the X,
Y, and Z directions, respectively, and 𝑔 represents the complete gravity. In
equation (3), 𝑎𝑥, 𝑎𝑦, and 𝑎𝑧 represent the accelerations in the X, Y, and Z
directions, respectively, and 𝑎 represents the complete acceleration. In equation
(4), 𝑎𝑣 represents the calculated vertical acceleration, and in equation (5), 𝑎ℎ
represents the calculated horizontal acceleration.

Pan et al. [4] proposed an acceleration data preprocessing method based on
coordinate rotation when studying step-counting algorithms on smartphones.
The characteristic of this method is that it processes the data of the three
axes separately, achieving good results for single-axis data processing, but with
higher computational cost compared to calculating synthetic acceleration.

Assume a point 𝑃(𝑝𝑥, 𝑝𝑦, 𝑝𝑧) on a three-dimensional plane, with the three-
dimensional coordinate origin located on this plane. Let the distance from this
point to the coordinate origin be 𝐿, and the angle between the line connect-
ing this point to the origin and the Z-axis be 𝛼. Now, rotate this point along
the Y-axis by an angle 𝛼 to become 𝑃 ′(𝑝′

𝑥, 𝑝′
𝑦, 𝑝′

𝑧). According to trigonometric
definitions, the following relationships exist:
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sin 𝛼 = 𝑝𝑦
𝐿 , cos 𝛼 = 𝑝′

𝑦
𝐿

𝑥 sin(𝛼 + 𝛽)
𝐿 = 𝑧 cos(𝛼 + 𝛽)

𝐿
Based on equation (6) and the trigonometric sum law, the following mathemat-
ical relationship exists:

sin(𝛼 + 𝛽) = sin 𝛼 cos 𝛽 + cos 𝛼 sin 𝛽

cos(𝛼 + 𝛽) = cos 𝛼 cos 𝛽 − sin 𝛼 sin 𝛽

After eliminating 𝐿 in equation (7), the relationship between 𝑝′
𝑥, 𝑝′

𝑦, 𝑝′
𝑧 and 𝑝𝑥,

𝑝𝑦, 𝑝𝑧 can be derived as follows:

𝑝′
𝑥 = 𝑝𝑥 cos 𝛽 + 𝑝𝑧 sin 𝛽

𝑝′
𝑦 = 𝑝𝑦

𝑝′
𝑧 = −𝑝𝑥 sin 𝛽 + 𝑝𝑧 cos 𝛽

Let the angle between the line connecting point 𝑃 to the origin and the Y-
axis be 𝛽. Then rotate point 𝑃 ′ along the X-axis by an angle 𝛽 to become
𝑃 ″(𝑝″

𝑥, 𝑝″
𝑦 , 𝑝″

𝑧 ). Similarly, based on the above trigonometric relationships, the
relationship between point 𝑃 ″ and 𝑃 ′ can be derived as follows:

𝑝″
𝑥 = 𝑝′

𝑥

𝑝″
𝑦 = 𝑝′

𝑦 cos 𝛽 − 𝑝′
𝑧 sin 𝛽

𝑝″
𝑧 = 𝑝′

𝑦 sin 𝛽 + 𝑝′
𝑧 cos 𝛽

By combining equations (8) and (9), the rotation angles 𝛼 and 𝛽 when point 𝑃
transforms to point 𝑃 ″ can be calculated. Extending to the plane where this
point lies, 𝛼 and 𝛽 also represent the rotation angles of the plane around the
Y-axis and X-axis, respectively, approximately substituting the deviation degree
of the sensor relative to the horizontal plane at this time, thereby calculating the
horizontal component value of the acceleration at this moment and eliminating
noise generated when the sensor plane is not horizontal.
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1.1.3 Filter Algorithms The use of filter algorithms is also common in the
data preprocessing stage. References [6,12,15,18,24] adopted the Kalman filter
algorithm; references [16,20,29,43] adopted the mean filtering method; refer-
ences [5,9,40] adopted the Butterworth filter; and reference [36] adopted Fourier
transform filtering, among others.

Tran et al. [15], based on results calculated using the discrete Kalman filter
algorithm, proposed a new filtering method according to the characteristic that
acceleration data for each step first increases and then decreases. This method
can identify and mark important acceleration changes in the acceleration data
for step verification. The proposed filtering method is as follows:

𝑎′(𝑡) = {𝑎(𝑡) if 𝑎(𝑡) − 𝑎(𝑡 − 1) > 𝛾
𝑎(𝑡 − 1) otherwise

where 𝛾 is the threshold, 𝑎(𝑡) is the acceleration signal after Kalman filter-
ing, and 𝑎′(𝑡) is the acceleration signal after using the above filtering method.
Through filtering algorithms, burrs in the data waveform can be effectively
eliminated, making the collected sample data smoother or more regular, fur-
ther eliminating noise in the data. Typically, to obtain good acceleration data,
a combination of synthetic acceleration calculation and filtering algorithms is
employed.

1.2 Step Detection and Verification Methods

Methods for recognizing steps in step detection research mainly include those
described in the introduction section. These methods are briefly introduced
below.

1.2.1 Autocorrelation Analysis Method The autocorrelation analysis
method employs the theoretical foundation of correlation coefficients, whose
mathematical formulation is described as follows:

𝜌(𝑚, 𝑡) = ∑𝑡−1
𝑘=0[𝑎(𝑘) − 𝜇(𝑚, 𝑡)][𝑎(𝑘 + 𝑚) − 𝜇(𝑚, 𝑡)]

𝜎(𝑚, 𝑡) ⋅ 𝜎(𝑚, 𝑡)

where:

𝜇(𝑚, 𝑡) = 1
𝑡

𝑡−1
∑
𝑘=0

𝑎(𝑘)

𝜎(𝑚, 𝑡) =
√√√
⎷

1
𝑡

𝑡−1
∑
𝑘=0

[𝑎(𝑘) − 𝜇(𝑚, 𝑡)]2
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𝜇(𝑚, 𝑡) represents the mean of the acceleration sequence, 𝜎(𝑚, 𝑡) represents the
standard deviation, 𝑚 is the sampling period, and 𝜌(𝑚, 𝑡) is the correlation co-
efficient, which calculates the correlation between acceleration sequences within
two periods.

In Pan et al.’s [4] step detection algorithm using autocorrelation analysis, for
the Y-axis and Z-axis data of the acceleration sensor, a starting point detection
method was adopted. During step verification, verification was not performed
on a single-step basis but rather by calculating correlation coefficients between
acceleration sequences of 2 or 4 steps, achieving good step detection results.
Soaz et al. [5] proposed a method for parameterizing steps to construct a walk-
ing data template, finally using autocorrelation analysis for template matching
to exclude step counting results generated by non-real walking data. Chen
et al. [6] implemented a pedometer function on a mobile phone based on au-
tocorrelation analysis, adopting a windowing calculation method. Within the
windowed range, correlation coefficients were calculated with a gradient until a
correlation coefficient value not less than a predetermined threshold was calcu-
lated, at which point effective step recognition was performed.

Rai et al. [7] implemented a step-counting algorithm based on autocorrelation
in an indoor positioning system. By setting a threshold for the calculated cor-
relation coefficient, step detection was performed. The algorithm effectively
improved the accuracy and reliability of step detection based on autocorrelation
analysis.

1.2.2 Peak Detection Method Jang et al. [3] proposed that the horizontal
and vertical acceleration collected during human walking can be modeled as
sinusoidal data waveforms. By detecting consecutive peaks and troughs, step
recognition can be performed. Assuming the current algorithm window size is
𝑛, and the acceleration sequence within the window is {𝑎(𝑘), 𝑎(𝑘 + 1), … , 𝑎(𝑘 +
𝑛 − 1)}, then an acceleration value 𝑎(𝑘 + 𝑖) satisfying the condition 𝑎(𝑘 + 𝑖) >
𝑎(𝑘+𝑖−1) and 𝑎(𝑘+𝑖) > 𝑎(𝑘+𝑖+1) can be represented as a peak. Due to jitter
of the acceleration sensor during human walking, which introduces noise in the
data, data filtering is generally also performed when using the peak detection
method for step recognition.

Tang et al. [1] proposed an adaptive peak detection method for step detec-
tion that considers multi-dimensional parameters and uses adjustable optimal
thresholds, improving the robustness of the peak detection method. Susi et
al. [9] adopted an adaptive peak threshold step detection method, improving
the adaptability of peak detection. Yoneyama et al. [10] extracted information
such as correlation coefficients and the degree of positive and negative deviation
of acceleration data from the acceleration data, proposing a new peak detection
method based on this information to detect pedestrian steps. Lee et al. [11]
proposed a peak detection method based on a morphological filter (MF), which
uses MF to change the waveform of acceleration data, thereby making peak
features more obvious and improving the accuracy of peak detection. Shin et
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al. [13], based on motion recognition, set different thresholds for the peak de-
tection method according to different motion modes, improving the adaptive
ability of peak detection for different motion modes. Chon et al. [14] proposed
a step detection algorithm based on peak detection, which determines multiple
local peaks in a series of acceleration sensor measurements, uses mean and stan-
dard deviation to eliminate possible false peaks, and generates candidate peaks,
with each candidate peak representing one step taken by a person. Wang et
al. [16] proposed a scoring mechanism based on the peak detection algorithm,
which can enhance the peak detection method’s ability to handle false peaks.
Chen et al. [17] proposed an adaptive peak detection step detection algorithm
based on the characteristic that different motion states have different accelera-
tion peak values, setting multiple fixed peak thresholds. This method improves
the adaptability of the peak detection method for multiple motion modes.

1.2.3 Zero Velocity Update Method During human walking, there is a
moment when the foot is perpendicular to the horizontal ground, at which time
the human body’s motion velocity is close to zero. This characteristic can be
used for step detection. In reference [25], the authors fixed a pressure sensor
inside a shoe to detect the zero-velocity value during human walking. The
mathematical formula for calculating the zero-velocity value is as follows:

𝑣𝑐𝑛𝑡𝑟 = 1
2𝜋 ∮ 𝑣

𝑟 ̂𝑟 ⋅ 𝑑 ̂𝑟

where 𝑣 is the velocity at a point on the isobar of the pressure sensor, 𝑟 is the
radius of that point, and ̂𝑟 is the unit vector in the direction from the center
of the isobar to that point. In equation (13), 𝑣𝑐𝑛𝑡𝑟 is the velocity value at the
center of the isobar that needs to be calculated.

Lo et al. [26] detected zero velocity during human walking by fixing an inertial
sensor on the calf. Gu et al. [27] proposed a trajectory calculation method
that improves the zero-velocity update method using building structure prior
knowledge under a particle filter framework, improving the accuracy of personnel
autonomous positioning.

1.2.4 Dynamic Time Warping Method The dynamic time warping al-
gorithm is a relatively widely used method for comparing the similarity be-
tween two time sequences. The difference between this method and the au-
tocorrelation analysis method is that the latter is a linear method, while the
former is nonlinear [8]. Assuming there are sampled acceleration sequences
𝐴(𝑛, 𝑡) = {𝑎(1, 𝑡), 𝑎(2, 𝑡), … , 𝑎(𝑛, 𝑡)} and 𝐵(𝑛, 𝑡) = {𝑏(1, 𝑡), 𝑏(2, 𝑡), … , 𝑏(𝑛, 𝑡)},
the dynamic time warping algorithm needs to calculate 𝑑𝑖𝑠𝑡[𝐴, 𝐵] to determine
the similarity between the two sequences, and this distance is generally Eu-
clidean distance:
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𝑑𝑖𝑠𝑡[𝐴, 𝐵] =
𝑛

∑
𝑘=1

[𝑏(𝑘, 𝑡) − 𝑎(𝑘, 𝑡)]2

where 𝑎(𝑘, 𝑡) and 𝑏(𝑘, 𝑡) are the sampled acceleration values of two steps, re-
spectively, and 𝑑𝑖𝑠𝑡[𝐴, 𝐵] is the distance between two acceleration values in the
sequences. When calculating the similarity of horizontal acceleration sequences,
the method is as follows:

Tang et al. [1] proposed an adaptive step detection algorithm based on dynamic
time warping, which uses dynamically changing walking templates during match-
ing verification, improving the adaptability of step detection algorithms based
on dynamic time warping. Brajdic et al. [8] implemented a step detection algo-
rithm based on dynamic time warping for comparison with other step detection
algorithms.

1.2.5 Zero Crossing Detection Method During human walking, there are
instances where the acceleration magnitude is zero, a characteristic that can be
used for step detection.

Seo et al. [20] built a linear relationship between step count and the number of
zero acceleration values based on this method. In practice, effective steps are
detected by counting the number of times the acceleration value is zero. The
authors also proposed an improved zero-crossing detection technique (AZDC)
as follows:

𝐴𝑍𝐷𝐶𝑟𝑎𝑛𝑔𝑒 = 𝑐 ± 3 × 𝜎𝑟𝑒𝑠𝑡

where 𝑐 is a constant and 𝜎𝑟𝑒𝑠𝑡 is the standard deviation of the acceleration
sequence at rest. Due to noise in the sampled acceleration data, by setting
this boundary, only zero-crossing situations caused by accelerations outside this
boundary are counted as effective zero crossings, effectively reducing the impact
of noise on zero-crossing detection.

Shin et al. [21] implemented a simple zero-crossing step counting method by
detecting the number of times the synthetic acceleration reaches zero during
human walking.

1.2.6 Step Length Period Recognition Method Tang et al. [1] proposed
the step length period recognition algorithm to address the limitation of peak
detection methods that focus only on peaks and their poor adaptability. When
calculating the similarity between two acceleration sequences, this method con-
siders the similarity of vertical acceleration between the two sequences, the sim-
ilarity between horizontal acceleration peaks, and the overlap degree of sensor
orientation angles. The method for calculating vertical acceleration similarity
is as follows:
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𝑆𝑣𝑎 = 𝑑ℎ
max{𝑆𝑥} − min{𝑆𝑥}

where 𝑆𝑥 and 𝑇𝑦 represent vectors, and 𝑑ℎ represents the distance in horizontal
acceleration.

The method differs significantly from dynamic time warping in that it no longer
simply calculates Euclidean distance for distance computation. The authors
reduced the algorithm’s time complexity by narrowing the search space to
ensure execution efficiency.

1.2.7 Finite State Machine Method This method divides each step’s
acceleration data, which first reaches a peak and then falls to a trough, into
multiple states, and then sets some state transition conditions to combine these
states into a finite state machine. By transitioning state conditions and judging
the input 3-axis acceleration data, the current acceleration state is determined
for step detection.

Alzantot et al. [22] divided the acceleration data of one step into six states based
on acceleration magnitude characteristics. These states from S0 to S6 are: non-
walking state, beginning to walk one step state, peak state, trough state, two
noise accommodation states, and one-step termination state. Transitions be-
tween states are performed through set thresholds, with state transitions shown
in [Figure 1: see original paper] and threshold definitions shown in [22].

Yim et al. [23] added a noise processing state based on the six states in reference
[18], making the method’s noise handling more effective. Wang et al. [24] pro-
posed an acceleration differential finite state machine step counting algorithm,
which incorporates a data preprocessing stage to handle data noise, rather than
adding noise shielding states in the state machine, simplifying the state transi-
tion process and improving step verification efficiency.

1.2.8 Fuzzy Logic Method Kammoun et al. [19] proposed a step detection
method based on this approach. The method divides the gravity-removed ac-
celeration signal into multiple segments, with each segment being a candidate
step, and uses a fuzzy classifier to verify whether the candidate segment is an
effective step. The gravity removal method is as follows:

𝑎𝐿𝑃𝐹 (𝑡) = low-pass filter of 𝑎(𝑡)

𝑎𝐵𝑃 (𝑡) = 𝑎(𝑡) − 𝑎𝐿𝑃𝐹 (𝑡)

where 𝑎𝐿𝑃𝐹 (𝑡) represents the acceleration sequence after low-pass filtering, and
𝑎𝐵𝑃 (𝑡) represents the acceleration sequence after gravity removal. Based on the
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selected candidate segments, four features 𝑓1 to 𝑓4 as shown in are calculated
[19].

In , 𝑋𝑘 represents an acceleration sequence segment, 𝑡0 represents the sampling
time corresponding to the first acceleration in the segment, where acceleration
increases toward a positive threshold; 𝑡1 represents the sampling time corre-
sponding to the acceleration that crosses zero or equals zero during the decreas-
ing process of acceleration in 𝑋𝑘; 𝑡2 represents the sampling time corresponding
to the last acceleration value in 𝑋𝑘, where the acceleration magnitude tends
toward a positive threshold again; 𝐴𝑚𝑝𝑘 represents the difference between the
maximum and minimum acceleration in 𝑋𝑘, i.e., 𝐴𝑚𝑝𝑘 = max{𝑋𝑘}−min{𝑋𝑘};
and 𝜎2

𝑘 represents the variance of the 𝑋𝑘 segment.

Based on the extracted four features, the membership degree between features
is calculated, and with the vector:

𝐷 = [𝐷1, 𝐷2, 𝐷3, 𝐷4]

where 𝐷𝑖 represents the membership degree of feature 𝑓𝑖, step verification is
performed using the following defuzzification rules:

Rule 1: IF (𝑇𝑠𝑡𝑒𝑝 < 𝑇𝑚𝑖𝑛) THEN 𝑦𝑘 = −1
Rule 2: IF (𝑇𝑚𝑖𝑛 ≤ 𝑇𝑠𝑡𝑒𝑝 ≤ 𝑇𝑚𝑎𝑥) AND (𝐴𝑚𝑝𝑘 ≥ 𝛼) THEN 𝑦𝑘 = +1
Rule 3: IF (𝑇𝑚𝑖𝑛 ≤ 𝑇𝑠𝑡𝑒𝑝 ≤ 𝑇𝑚𝑎𝑥) AND (𝛽 ≤ 𝑑𝑘) THEN 𝑦𝑘 = −1
Rule 4: IF (𝑇𝑚𝑖𝑛 ≤ 𝑇𝑠𝑡𝑒𝑝 ≤ 𝑇𝑚𝑎𝑥) AND (𝛽 > 𝑑𝑘) THEN 𝑦𝑘 = +1
In the above rules, 𝑇𝑚𝑖𝑛, 𝑇𝑚𝑎𝑥, 𝑇𝑠𝑡𝑒𝑝, 𝛼, and 𝛽 are preset thresholds. 𝑦𝑘 = +1
indicates that vector 𝑋𝑘 represents a step, 𝑦𝑘 = −1 indicates that vector 𝑋𝑘
cannot represent a step, and 𝑦𝑘 = 0 indicates uncertainty about whether 𝑋𝑘
represents a step.

1.3 Analysis of Advantages and Disadvantages of Step Detection and
Verification Methods

As described in the introduction, the application fields of step detection algo-
rithms are diverse. For different application scenarios, the data to be collected
and used and the data preprocessing methods will differ. Additionally, sensor
data itself has temporal characteristics, and even for the same person under the
same conditions, different data will be collected. Currently, there is no standard-
ized data sample available for research, which is a difficulty in the step detection
algorithm research field and a direction the authors are currently working on.
Therefore, in the absence of standardized reference indicators, the analysis of
the advantages and disadvantages of various step detection algorithms can be
conducted from the perspectives of algorithm adaptability, step detection ac-
curacy in respective application scenarios, and real-time performance of step
counting.
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Based on the above elaboration of each method and the analysis of advantages
and disadvantages in , the following conclusions can be drawn:

a) Step detection methods based on zero-crossing detection and peak detec-
tion have simple implementation and consume few resources. However,
the accuracy of peak detection results depends on the selection of win-
dow size [6]. Additionally, reasonable threshold setting is crucial for peak
detection methods [10]. Zero-crossing detection methods may have low
accuracy due to detecting too many or too few zero-crossing points.

b) Step detection methods based on zero-velocity update utilize the natural
phenomenon of instantaneous zero velocity when the leg is perpendicular
to the ground during human walking, resulting in high accuracy. However,
due to their dependence on fixed sensor positions, these methods have
limited practicality.

c) Methods based on autocorrelation analysis, dynamic time warping, and
step length period recognition utilize the characteristic that acceleration
sequences of each cycle show similarity under the same motion, resulting in
high accuracy and certain adaptability. However, they require relatively
high computational resources, with algorithm time complexity reaching
𝑂(𝑛2). Meanwhile, dynamic changes in step length period are also impor-
tant factors affecting the accuracy of these methods [34].

d) The finite state machine method overcomes the disadvantage of peak de-
tection methods that only focus on the relationship between peaks and
thresholds. It sets peaks and troughs as states, paying more attention
to changes in acceleration data. However, due to its fixed state transi-
tion thresholds and lack of consideration for periodic characteristics, this
method has poor adaptability. Generally, it has good processing capabil-
ity for acceleration data with good sinusoidal patterns [35].

e) Step detection methods based on fuzzy logic have high accuracy due to
using multiple features as basis. However, because the thresholds of this
method are relatively fixed, its adaptability is poor.

2 Analysis of Key Research Points in Step Detection Algo-
rithms
In addition to preprocessing acceleration data, analyzing the motion state and
gait classification of acceleration data and eliminating abnormal step detection
are also effective methods to improve the accuracy of step detection algorithms.

2.1 Accuracy of Step Detection Algorithms

Accuracy is the primary criterion for judging the quality of step detection al-
gorithms. Currently, to ensure step detection accuracy, data preprocessing is
a commonly used method, such as calculating synthetic acceleration, using fil-
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tering algorithms, and other processing methods as described above. The key
issue to be addressed is to select and apply appropriate motion classification and
recognition methods by combining step detection application scenarios, device
operation resources, and real-time requirements. Taking the autocorrelation
analysis method as an example, because it focuses too much on data similarity
without caring whether the data is generated by normal human walking, detec-
tion results are easily disturbed. Therefore, performing walking detection or gait
analysis on acceleration data before detection can largely ensure the accuracy
and reliability of step detection results.

2.2 Adaptability of Step Detection Algorithms

With the deepening of step detection algorithm research, the adaptability of step
detection algorithms has received attention from domestic and foreign scholars
in recent years. In practical applications, human walking patterns and sensor
carrying methods are variable and unpredictable. How to make algorithms
better adapt to these conditions is an important research aspect.

Tang et al. [1] proposed an adaptive peak detection algorithm that uses multi-
dimensional data such as vertical acceleration, horizontal acceleration, sensor
rotation angle, step frequency, and step length as parameters for step detection.
After each step is verified, the optimal threshold of parameters is adjusted, and
the initialized optimal threshold is used as a basic basis to prevent thresholds
that do not conform to reality during step detection. This method effectively
improves the adaptability of peak detection-based step detection algorithms
for multiple motion modes through multi-dimensional parameters and variable
parameter optimal values.

Pan et al. [4] used a coordinate rotation-based method for data preprocessing,
largely eliminating data noise caused by the arbitrariness of how humans hold
mobile phones by obtaining the horizontal component value of acceleration data.
Experiments proved that this data preprocessing method improved the adapt-
ability of autocorrelation analysis-based step detection algorithms for various
acceleration sensor carrying methods.

Ryu et al. [10] designed an adaptive step detection algorithm that addresses the
disadvantage of using a single threshold in previous step detection algorithms
by designing a variable threshold algorithm. This method uses the magnitude
of acceleration data changes as a factor, and the variable threshold is updated
based on the magnitude of historical data, improving the adaptability of peak
detection-based step detection algorithms.

Chen et al. [17] proposed an adaptive peak detection step detection algorithm
that sets multiple fixed peak thresholds based on the characteristic that accelera-
tion data peak ranges differ under different human motion modes. This method
improves the adaptability of peak detection methods for multiple motion modes.

From the above research, it is found that the study of adaptability issues in step
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detection algorithms can be conducted from two aspects: improving and inno-
vating data preprocessing methods and step detection and verification methods.
Through reasonable data preprocessing, noise in acceleration data caused by sen-
sor jitter, inconsistency between sensor orientation and walking direction, and
diversity of walking patterns can be effectively reduced, fully restoring the regu-
larity of acceleration data and improving algorithm adaptability to these factors.
Improvements and innovations in step detection and verification methods, such
as setting variable thresholds and adopting new mathematical models, can fur-
ther improve the accuracy of step detection algorithms in multiple environments
by overcoming the low adaptability disadvantages of existing methods.

2.3 Real-Time Performance of Step Detection Algorithms

In practical applications, the real-time performance of step detection algorithms
is also important. Human walking frequency ranges from 1 to 2.5 Hz, meaning
the walking period is approximately 0.4 to 1 s [6]. Therefore, step detection
algorithms should theoretically produce step recognition results within about 1
s. Due to algorithm complexity and hardware resource limitations, the real-time
performance requirements of step detection algorithms pose certain challenges.
In some cases, to ensure step detection accuracy, some time cost is sacrificed.

Tang et al. [1] pointed out that their designed step length period recognition
algorithm has lag in step detection because when verifying current acceleration
data, it compares the data with data from subsequent steps. Only when the
comparison result meets threshold conditions will step detection results for the
current acceleration data be generated. This situation sacrifices time to ensure
step detection accuracy.

Oshin et al. [39] designed an energy-efficient real-time step detection algorithm
based on smartphones. This method does not perform filtering or denoising on
acceleration data, thereby saving the time and space consumption of filtering
and denoising methods. The method saves mobile phone energy through low
sampling frequency and performs step detection by extracting 5 features from
acceleration data and setting thresholds for the features. Experiments show
that this method can produce step detection results within 2 s.

3 Conclusion
MEMS acceleration sensor-based step detection algorithms have a wide range
of application scenarios. Research on step detection algorithms mainly includes
two stages: data acquisition and processing, and step detection and verifica-
tion algorithm design. Accuracy is the primary measure of algorithm quality,
adaptability serves as a guarantee for enhanced accuracy, and real-time perfor-
mance requirements are met as much as possible while ensuring high algorithm
accuracy. Future research directions in this field focus on the following aspects:

a) Improvement and innovation of step detection methods. Many
existing step detection algorithms still have many defects in accuracy,
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adaptability, and real-time performance, such as using fixed thresholds,
depending on sensor carrying methods, being unsuitable for low-speed
walking state step detection, and having time delays in detection results.
In subsequent step detection method research, improvements can be made
to the adaptability and real-time performance of step detection algorithms.
On one hand, algorithms should meet requirements such as adapting to
sensor carrying methods, walking postures, and dynamically adjusting op-
timal values. On the other hand, for real-time performance requirements,
corresponding data preprocessing methods and step verification methods
should be studied.

b) Combination of step detection methods and motion detection
methods. Detecting and classifying a series of normal human activities
or motions, such as running, walking, going up and down stairs, stand-
ing still, and jumping, and performing step detection on this basis can
effectively filter out data generated by abnormal walking. At the same
time, algorithm optimal values can be dynamically adjusted according to
different motion detection results, further enhancing the adaptability of
step detection algorithms and improving detection accuracy.

c) Development of diversified applications based on step detec-
tion algorithms. For example: a) Development of high-precision in-
door positioning and navigation systems, including path tracking for in-
door pedestrians and providing reliable navigation suggestions; b) Devel-
opment of health applications, including health monitoring APPs based
on smartphones and step-counting functions based on smart wearable de-
vices. Meanwhile, combining massive step-counting data with some per-
sonal characteristic data (such as gender, height, age, occupation, etc.)
collected by smart wearable devices or health monitoring APPs for statis-
tics and analysis can further understand user behavior habits, analyze
user health levels, predict personal characteristics of new users, etc., and
develop corresponding applications based on analysis results.
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