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Abstract. With the popularity of smartphones and the performance improve-
ment of embedded sensor, the smartphone has become the most important ter-
minal device in motion recognition and indoor positioning. In this paper, the
methods of the smartphone posture recognition and the pedestrian heading
estimation are proposed. We analyze the signal characteristic of the accelerom-
eter and the gyroscope, the representative feature information is extracted and a
classifier based on DT model is proposed. Besides, considering the different
postures of the smartphone, we propose an improved heading estimation method,
which utilizes a weighted-average operation and combines the principal
component analysis-based (PCA-based) method and the angle deviation
method innovatively. The results of the experiments show that the average
accuracy of posture recognition is nearly 97.1%, which can satisfy the pattern
recognition in the process of pedestrian navigation. The average error of the
proposed heading estimation is 6.2° and the performance is improved than the
single PCA-based and angle deviation method.

Keywords: Posture recognition � Machine learning � Heading estimation �
MEMS sensors

1 Introduction

Location-based Service (LBS) has become an indispensable service in people’s social
life, and its key is the acquisition of location information [1]. Traditional LBS relies
mainly on global navigation satellite systems (GNSS), such as GPS, Beidou, Glonass
and Galileo systems [2]. GNSS can achieve a global wide coverage and the positioning
accuracy with civil signals can be better than 10 m. However, due to the influence of
signal occlusion, reflection and multipath effect in indoor environment, the effective-
ness of satellite navigation signals in indoor environment is difficult to be guaranteed,
which greatly restricts the development of LBS in indoor environment [3]. In recent
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years, more and more attentions have been paid to the indoor positioning, the indoor
positioning systems based on different technical systems have also been widely
established. Current indoor positioning technologies mainly include WIFI fingerprint
[4], Bluetooth [5], pedestrian dead reckoning (PDR) [6], RFID [7], Ultra-wide Band-
width (UWB) [8], ultrasound [9] and visible light positioning [10].

PDR positioning technology uses the built-in MEMS inertial sensors of the
smartphone to calculate the relative position of pedestrian movement, the MEMS
inertial sensors include accelerometer, gyroscope and magnetometer. However, in the
process of pedestrians using smartphones, the posture of device will constantly change.
The traditional PDR method requires pedestrians to keep their device in front of their
bodies stably. However, this requirement is unrealistic in the actual navigation process.
Therefore, this paper analyses the habits of pedestrians using mobile phones and uses
machine learning algorithm to design classifiers for the recognition of different
smartphone postures.

Current pattern recognition methods can be divided into two categories [11]: the
method based on the environmental sensors and the recognition based on the mobile
sensors. The method based on the environmental sensors uses the infrastructure (such as
camera networks or wireless access points) to perceive human activities. Mobile sensor-
based method usually uses the built-in MEMS inertial sensors in smartphones, such as
accelerometers, gyroscopes, magnetometers, etc. to identify pedestrian behavior pat-
terns. At present, mobile sensor-based methods have become very popular. Because
they have no coverage restrictions and can work anywhere. At the same time, the
smartphone is the devices which is more closely related to people, thus no additional
deployment cost is needed [12]. For using the smartphone in indoor positioning, the
motions can also be divided into two categories: one is to describe the overall movement
of pedestrians, including walking, running, standing, upstairs, downstairs, elevator and
so on. The other is different postures that represent people holding the smartphone, such
as reading information, watching navigation interface, making calls, swinging with
arms, putting it in pockets and so on. This paper mainly aims at the second type of
pattern recognition, which can further assist indoor pedestrian navigation by recognizing
different phone postures. Some recognition methods of motion mode recognition are
also proposed, including artificial neural network (ANN) [13], support vector machine
(SVM) [14], decision tree (DT) [15] and other classifiers, they are used to recognize the
motion modes, capture the transition between different modes and assist the PDR.

In general, PDR includes three modules: step detection, step length estimation and
heading estimation, in which the heading estimation is the most difficult and greatly
influenced by the smartphone posture. The heading offset between different phone
postures is estimated, and the actual heading is obtained by adding the offset to the
orientation, but the offset is not constant in actual environment. In [16], the principal
component analysis (PCA) of horizontal acceleration is applied to estimate the heading,
but because of the poor precision of gyroscope embedded smartphone, the attitude
matrix is not always accurate.

In this paper, a classifier with DT model which can recognize the current posture of
the smartphone is designed. A pre-processing for the raw data from the MEMS sensors
is carried out to eliminate the influence of noises and 4 phone postures are defined.
Simultaneously, the feature data in time and frequency domain are extracted from the
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filtered signals. Furthermore, a novel heading determination method is proposed. By
combining the PCA-based method and the angle deviation method, the estimated
heading has higher accuracy.

2 Approach

2.1 MEMS Data Pre-processing

The errors of MEMS IMU can be divided into static error, dynamic error and random
error. Static and dynamic errors are generally considered to be deterministic errors
related to the velocity and acceleration of the carrier motion, which can be compensated
by experimental calibration. Random drift is an important characteristic of the gyro-
scope, a lot of works have been done in the measurement and modeling of the gyro-
scope drift. However, due to the low measuring accuracy of the MEMS sensor, the
performance of the calibrated IMU cannot satisfy the requirements of the indoor
pedestrian positioning system. Therefore, to improve the performance of smartphone
posture recognition and pedestrian heading estimation, it is necessary to pre-process the
raw data output from the MEMS sensors embedded in the smartphone. This paper uses
a 10th order Butterworth filter with a 12 Hz cut-off frequency to effectively eliminate
the high-frequency noise interference of the MEMS signal.

As shown in Fig. 1, we can see that the raw signals from MEMS sensors contain
many clutters and noises, the low-pass filtering removes the high-frequency compo-
nents of the noise, the filtered signals are smoother and the waveforms can be seen
more clearly. This pre-processing operation is necessary for extracting feature infor-
mation from the MEMS sensor and enables the process of smartphone posture
recognition and pedestrian heading estimation.

Fig. 1. Raw acceleration signal and filtered acceleration signal.
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In general, all the coordinate systems of the accelerometer, gyroscope and mag-
netometer embedded in the smartphone are consistent, which are also the same as the
coordinate system of the smartphone. Thus, we introduce the coordinate system of the
smartphone, as shown in Fig. 2. We place the smartphone on the horizontal plane, the
screen center is the origin of the coordinate system; the X axis is parallel to the short
side of smartphone and the direction is horizontal to the right; the Y axis is parallel to
the long side of smartphone and the direction is horizontal to the forward; the Z axis is
upward and perpendicular to the screen (Fig. 3).

2.2 Posture Recognition

The posture recognition is that we collect the current sensor signal, based on our
predefined pattern categories and the data characteristics of the sensors, we can
determine the current smartphone postures. The posture recognition in this paper
includes three modules: postures definition, feature information extraction and class
determination.

Fig. 2. Raw angel velocity signal and filtered angel velocity signal.

Fig. 3. The coordinate system of the embedded sensors.
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Posture Definition. According to the daily custom of using smartphones for people,
we consider 4 common postures in this paper, which represent the posture for holding
or placing the smartphone, including Holding, Calling, Swinging and Pocket. The
indoor positioning system is related to different postures. The detailed description is
listed as follow:

Holding: the case that the phone is held steadily in front of the body. In this case, the
phone is stable relative to the body, and the direction of the phone represents the
direction of pedestrian motion.

Calling: the case that the pedestrian makes a call and the phone screen points to the
side of the body. In this case, the posture can be further divided into calling with left-
hand and right-hand, that is, left-calling and right-calling.

Swinging: the case that pedestrian swings the phone with the hand. In this case, the
phone approximately points to the direction of pedestrian motion.

Pocket: the case that the phone is carried in the front pocket of the trousers. In this
case, we define the phone plane is approximately perpendicular to the ground when
pedestrian is in static state.

Feature Information Extraction. The filtered IMU signal cannot completely satisfy
the requirement of the posture recognition. We still need to extract feature information
from the filtered accelerometer and gyroscope signals in a sliding window. The size of
the sliding window is set to 256 samples with 50% overlap.

The module values of acceleration and angular velocity are denoted by

amv ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ða2x þ a2y þ a2z Þ

q
ð1Þ

xmv ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx2

x þx2
y þx2

z Þ
q

ð2Þ

where ax, ay and az are the measurements from 3-axis accelerometer, xx , xy and xz are
the measurements from 3-axis gyroscope.

We choose variance and energy spectral density as the feature information for
posture recognition. The variances of accelerations and angular velocities describe the
amplitude change of the pedestrian in a motion period, which are calculated by

r2a ¼
P ða� aÞ

N
ð3Þ

r2x ¼
P ðx� xÞ

N
ð4Þ

In this paper, for the accelerometer and gyroscope signals, the variances of the
module value and each axis value are extracted, which are denoted by

r2a ¼ ½r2ax; r2ay; r2az; r2amv� ð5Þ

r2x ¼ ½r2xx; r2xy; r2xz; r2xmv� ð6Þ
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where r2a and r2x are the acceleration variance vector and the angular velocity variance
vector, respectively. They form the time-domain feature. The characteristics of accel-
eration variances with four postures during walking are shown in Fig. 4.

The time-frequency analysis of accelerations and angular velocities is performed by
the Short Time Fourier Transform (STFT). As shown in Figs. 5 and 6, the subject
walks with four phone postures, in the order of Holding, Calling, Swinging and Pocket.
The period of each posture is 100 s. As shown in Fig. 6, it can be found that the energy
spectral density of Z-axis angular velocities exz shows significant peaks from 200 s to
300 s, this is due to the phone swings around Z-axis during the swinging of the hand.
When the phone is carried in pocket, the phone is fixed relative to the thigh and rotates
with the thigh. The energy spectral density of X-axis angular velocities exx shows
significant peaks from 300 s to 400 s in Fig. 5. The frequency-domain feature vector is
expressed as e ¼ ½ea; exx; exz�.

Fig. 4. The variances of accelerations with four phone poses while pedestrian is walking.

Fig. 5. The energy spectral density of X-axis angular velocities.
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Posture Determination. After the device posture definition and the feature extraction,
we begin to identify the postures according to the defined categories. DT is a non-
parametric classifier that has tree structure, each node represents a classification, the
advantage of DT is it can directly reflect the classification process and the character-
istics of the data, is easy to understand and implement. In this paper, the DT model is
utilized as the classifier to classify four device postures.

The feature vector f ¼ ½r2a; r2x; e� consists of the variances and the energy spectral
density of accelerometer and gyroscope signals, which is chosen as the input vector of
classifier and the output is the current posture. All feature data are divided into two
groups, one group is training dataset for training the classifier parameters and the other
group is testing dataset for verifying the recognition accuracy of the trained classifier.
ea; exz; ka; kx; ga and gx are the parameters of classifier. The flowchart of the
classifier based on DT model is shown in Fig. 7.

Fig. 6. The energy spectral density of Z-axis angular velocities.

Fig. 7. The DT classifier for smartphone posture classification.
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2.3 Heading Estimation Based on Smartphone Posture

To simplify the computational complexity and avoid the cumulative error caused by the
integral operation of gyroscope data. The pedestrian’s heading is estimated only by the
accelerometer and magnetometer in this paper. Due to the magnetometer is easily
disturbed by the environment, thus, our positioning work is carried out in an
approximate laboratory environment to guarantee the availability of magnetometer.

We propose a novel method for estimating the heading, which combines the
heading deviation determination and the PCA-based heading estimation. The Degrees
of Freedom (DOF) of the smartphone is very high during the navigation process, there
is a deviation between the direction of smartphone and the direction of pedestrian
motion. The orientation readings from the smartphone cannot always represent the
actual headings.

As shown in Fig. 8, the actual heading of pedestrian can be obtained by the
orientation readings from smartphone and the heading deviations. It is needed to be
highlighted that the deviations are different for making a call with different hands, it is
known by the directions of each accelerometer axis and described as Table 1.

The directions of X-axis in vertical plane are opposite for making a call with left-
hand and right-hand. Therefore, it can be determined based on the readings of
accelerometer X-axis. The heading estimated by angle deviations are denoted by

Fig. 8. The heading deviations for Holding and Calling with left-hand and right-hand.

Table 1. The directions of accelerometer axes for calling.

Posture Hand Directions of accelerometer axes
X-axis Y-axis Z-axis

Calling Left-hand Above and front Above and back Right
Right-hand Under and back Above and back Left
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h1 ¼ ho � hd ð7Þ

where ho is the orientation information from the smartphone and hd is the heading
deviation. However, the deviations are varying in the navigation, especially for Calling
and Pocket modes. Relative to the initial direction of the phone, once the phone direction
has changed a lot, the obtained deviations cannot be adaptive to estimate the actual
heading. Therefore, PCA method is utilized to estimate the actual heading. The PCA-
based method is based on a fact that the largest variations of horizontal accelerations
represent the direction of pedestrian motion, thus horizontal accelerations are needed to
calculate. We obtain the horizontal accelerations using the estimated gravity vector.

g ¼ �ðgx; gy; gzÞ ð8Þ

where gx, gy and gz are the averages of the measurements on the respective axes in the
time interval. Then, the vertical components of accelerations and magnetic strengths are
estimated by vector dot product.

av ¼ a�g
g�g

� �
g

mv ¼ m�g
g�g

� �
g

8<
: ð9Þ

where a ¼ ðax; ay; azÞ and m ¼ ðmx;my;mzÞ , they are the measurement vectors of the
accelerometer and magnetometer respectively. Therefore, the horizontal components of
accelerations and magnetic strength scan be estimated by moving the vertical com-
ponents out.

ah ¼ a� av
mh ¼ m� mv

�
ð10Þ

The obtained horizontal acceleration components are used as the input of PCA and
the first eigenvector is regarded as the motion vector, which represents the pedestrian’s
direction and is denoted by

v ¼ ðvx; vy; vzÞ ð11Þ

Then, the eigen vector v is utilized to calculate the heading h2 with the horizontal
magnetic vector.

h2 ¼ arccosð v � mh

vj j mhj jÞ ð12Þ

By analyzing the experimental data, we find that the headings estimated by the
angle deviations are availability when the motion vector v is perpendicular to the
abscissa-axis of phone. However, the abscissa-axis is approximate to Z-axis of accel-
eration for Calling and Swinging. Therefore, a weighted estimation algorithm is
presented.
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h ¼ h1; e�90�\d1
h ¼ ð1�jÞ � h1 þ j � h2; d1\e�90�\d2
h ¼ h2; e�90� [ d2

8<
: ð13Þ

where h is the estimated heading by the angel deviations and motion vector obtained by
PCA, e is the angle between the motion vector v and the Z-axis of acceleration, d1 and
d2 are the thresholds for judging the attitude of the smartphone.

In the case that e�90�\d1, that is, the v is nearly perpendicular to the Z-axis of
phone and the angle deviations can be credible, so the h1 obtained by angle deviations
is taken as the final estimated heading. In the case that e�90� [ d2, the angle devia-
tions cannot be used and the estimated heading is equal to h2 obtained by the motion
vector. For d1\e�90�\d2, the heading h is estimated by the weighted average
operation of h1 and h2, the weighted coefficient are calculated by

j¼ðe�90�d1Þ
d2�d1

ð14Þ

3 Experiments and Results

3.1 Experiment Field and Setup

In this section, the posture recognition and heading estimation experiments are intro-
duced to verify the performance of the proposed methods. The experimental site is in
an office building. The handheld terminal is Xiaomi MIX2 smartphone and the sam-
pling frequency is set to 100 Hz.

3.2 Posture Recognition Experiment

We selected 10 testers to verify the posture recognition performance and the subjects
move with different postures. The total data collection duration of each participant is
about 10 min. The size of the sliding window for feature extraction is set to 256
samples with 50% overlap. In this experiment, 60% of the feature data are chosen for
training dataset and 40% are chosen for testing dataset. The instances for testing are
listed in Table 2.

As shown in Table 3, the lowest accuracy of the posture recognition is 96.4% and
2.7% instances are mistaken as Swinging, this is because the phone rotates in both
postures and the periodicities of the motion are similar. The highest accuracy is

Table 2. The instances of postures for testing.

Holding Calling Swinging Pocket

Walking 500 500 500 500
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Swinging and can be to 98.2%, and only 0.2% instances are misclassified as Holding,
this is because the postures of Holding and Calling are more stable, Swinging is
significantly different from the two postures. The average accuracy is 97.1%, which can
satisfy the pattern recognition in the process of pedestrian navigation.

To prove that the proposed algorithm can effectively improve the recognition
accuracy, we introduce the SVM algorithm and carry out the comparative experiments.
As shown in Fig. 9, the recognition accuracy of our proposed method is 8.4% higher
than that of SVM method on average.

3.3 Heading Estimation Experiment

To verify the performance of the proposed heading estimation method, the PCA-based
method and the angle deviation method are also introduced. For the comparison
experiment, the smartphone is in Swinging posture. The results of the experiments are
illustrated in Fig. 8. The 50% heading estimation errors for the proposed method, PCA-
based and angle deviation method are 6:7�, 7:8� and 11:8�, respectively. The 75%
absolute estimation errors of heading are 11:4�, 13:6� and 22:1�, respectively, The
average error is 6:2�. The proposed method combines the motion axis estimated by
PCA and the angle deviation, the final pedestrian’s heading are obtained by the
weighted average operation. Therefore, we can obviously see that the performance of
the proposed method is much better (Fig. 10).

Table 3. Confusion matrix for phone poses recognition.

Holding Calling Swinging Pocket

Holding 97.3% 1.1% 0.2% 1.4%
Calling 1.7% 96.6% 0.5% 1.2%
Swinging 0.2% 0.5% 98.2% 1.1%
Pocket 0.6% 0.3% 2.7% 96.4%

Fig. 9. The compare for the recognition accuracies of SVM and proposed method.
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4 Conclusions and Future Works

In this paper, the posture recognition and heading estimation method based on machine
learning is proposed. The data are all from the MEMS sensors embedded in a smart-
phone. According to the analysis of accelerometer and gyroscope signals, the repre-
sentative feature information is extracted, including the statistic feature and the
frequency-domain feature. By comparing the characteristics of various features in
different postures, a DT model for recognizing postures is designed. Besides, consid-
ering the attitude of the smartphone in different postures, we present an improved
heading estimation method, which combines the PCA-based method and the angle
deviation method innovatively. The results of the experiments show that the average
accuracy of posture recognition is nearly 97.1%, which can satisfy the pattern recog-
nition in the process of pedestrian navigation. The average error of heading estimation
is 6:2�. The result of the comparison experiment shows that the performance of the
proposed heading estimation method is better than the single PCA-based and angle
deviation method. With the methods of this paper, the performance of the indoor
pedestrian positioning will also be improved.

For the future works, we plan to research more advanced machine learning algo-
rithms for the mode recognition of the pedestrian and smartphone. We also hope to
apply the motion mode recognition to more fields of LBS.

Acknowledgments. This work was supported in part by the Fundamental Research Funds for
the Central Universities under Grant HEUCF180801, and in part by the National Key Research
and Development Plan of China under Grant 2016YFB0502100 and Grant 2016YFB0502103.

Fig. 10. The cumulative error distribution of heading estimation with the proposed method,
PCA-based method and the angle deviation method.
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