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Scientists have explored the human body for hundreds of years, and yet more relationships between the behaviors and health are
still to be discovered. With the development of data mining, artificial intelligence technology, and human posture detection, it is
much more possible to figure out how behaviors and movements influence people’s health and life and how to adjust the
relationship between work and rest, which is needed urgently for modern people against this high-speed lifestyle. Using smart
technology and daily behaviors to supervise or predict people’s health is a key part of a smart city. In a smart city, these
applications involve large groups and high-frequency use, so the system must have low energy consumption, a portable system,
and a low cost for long-term detection. To meet these requirements, this paper proposes a posture recognition method based on
multisensor and using LoRa technology to build a long-term posture detection system. LoRa WAN technology has the
advantages of low cost and long transmission distances. Combining the LoRa transmitting module and sensors, this paper
designs wearable clothing to make people comfortable in any given posture. Aiming at LoRa’s low transmitting frequency and
small size of data transmission, this paper proposes a multiprocessing method, including data denoising, data enlarging based
on sliding windows, feature extraction, and feature selection using Random Forest, to make 4 values retain the most information
about 125 data from 9 axes of sensors. The result shows an accuracy of 99.38% of extracted features and 95.06% of selected
features with the training of 3239 groups of datasets. To verify the performance of the proposed algorithm, three testers created
500 groups of datasets and the results showed good performance. Hence, due to the energy sustainability of LoRa and the
accuracy of recognition, this proposed posture recognition using multisensor and LoRa can work well when facing long-term
detection and LoRa fits smart city well when facing long-distance transmission.

1. Introduction

Modern medical science proves human behaviors influence
human health. In this day, people continue in a posture for
a long time when working until they get a warning from
the body that is tired, which means their bodies already hurt
but they are not aware of it. Therefore, people need a
reminder to let them know when to change a posture or rest.

On the other hand, for some special groups of people like
children or the elderly, supervising their daily activities guar-
antees basic exercise in a day. To build a smart city, people
not only focus on making living and transportation smarter
but also wish their health is smartly supervised. With the
development of big data [1] and artificial intelligence tech-
nology on health [2–4], scientists research more relationships
between human daily activities, or postures, and health, to
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strengthen people’s bodies or prevent diseases. Human pos-
ture recognition is also widely used in sports games, health
monitoring, sports rehabilitation, sports competitions, and
so on [5].

With the rise of hardware, human posture recognition is
not only applicable to short-term, fast, real-time recognition
based on videos or pictures but is also applicable to long-term
posture recognition for specific groups based on IoT (Inter-
net of Things) devices, such as LoRa, ZigBee, and Wi-Fi
devices. Considering mobile object, long-distance, and low
power requirements, LoRa performs better. At present, there
are needs for human posture recognition in the market, but
different solutions have some different defects [6], such as
high energy consumption, limited space, and network
requirements. The long-term posture recognition monitor-
ing needs a large number of transmission nodes, complex
transmission network, and high-frequency usage. At the
same time, long-term recognition requires that the posture
information acquisition module of the system should have
the characteristics of low energy consumption, easy to carry,
low cost, long transmission distance, and so on, to meet all
possible specific needs. Posture recognition based on com-
puter vision can easily obtain the trajectory, contour, and
other information of human motion, but the existence of
some blind angles and people walking out of the observation
range will cause the recognition based on cameras to be less
effective. Therefore, the long-term monitoring of the human
posture recognition system should also be flexible, not lim-
ited to space.

To meet these requirements, this paper proposes a
multisensor-based posture recognition system using LoRa
(Long Range) [7, 8]. LoRa is a low-power wide-area network
(LPWAN) technology, which has the advantages of low
power consumption and extra long-range signal transmis-
sion [9]. The theoretical coverage of LoRa is 15 km for subur-
ban and 5 km for urban areas [10], in which case, one LoRa
gateway is adequate for an organization, like a school or sci-
entific research institution, to deploy a LoRa system.

In this system, wearable multisensor clothing is designed
as a LoRa node to make people comfortably wear it without
posture limitations while doing any daily activities. The
clothing is equipped with a nine-axis IMU (Inertial Measure-
ment Unit) sensor, an Arduino Mega board, and a LoRa
shield. The nine-axis IMU sensor consists of an accelerome-
ter [11], an angular speedometer, and a magnetometer. Peo-
ple’s daily activities are calculated and recognized by
analyzing one group of data obtained by the nine-axis sensor.
The LoRa shield transmits datasets to the LoRa gateway and
server while the Arduino board connects and controls the
LoRa shield and sensors.

The system consists of three parts, the terminal part
(LoRa nodes), gateway and server part, and application part.
The wearable clothing with a multisensor integrated is
regarded as the terminal part to collect daily activity datasets,
which include walking, running, going upstairs or down-
stairs, and standing activities. The gateway and server part
is used to transmit and save the datasets in the server. The
application is utilized to analyze and show the data to users
or managers.

In the terminal part, due to the limited transmission lim-
itation in LoRa technology, this paper proposes a serial
method to compress datasets, such as extracting real human
activity datasets to form new features like max-min values
and the mean and standard deviation to conclude the infor-
mation of posture data waves to achieve the dimension
reduction, using Random Forest algorithm to calculate the
importance of features and select the first few important fea-
tures LoRa nodes required. Then, the LoRa nodes are reset to
collect selected features. In the experiment, six machine
learning algorithms are utilized to extract the best posture
recognition method. Finally, after training 3239 groups of
datasets, the result proves that Random Forest performs best
with an accuracy of 95.06%. Different users tested the system,
and it functioned efficiently. Hence, this paper proves that
multisensor posture recognition using IoT and LoRa is avail-
able and works well for long-term detection.

The remainder of this paper is organized as follows. Sec-
tion 2 provides an overview of related work. Section 3 intro-
duces the proposed LoRa posture recognition system based
on multisensor. Section 4 evaluates the performance of the
proposed system, and Section 5 concludes the paper.

2. Related Work

Wearable sensor design for the healthcare problem should be
preventive, predictive, preemptive, and personalized.
Advanced smart clothing not only promotes a healthy life-
style but also allows the detection of any potential health risks
and facilitates the implementation of preventive measures at
an earlier stage [12]. Aging people who wear such clothes are
effectively protected. In the proposed system, the IMU sensor
is used in smart clothing. The IMU sensor provides the accel-
eration, angular velocity, and magnetometer values, which
are analyzed to recognize human activities like walking, run-
ning, and even falling down [13]. Prathivadi et al.’s team did
the research and proved that IMU has good performance on
activity recognition [14].

In the healthcare system, the traditional data acquisition
methods are Bluetooth, Wi-Fi, and the Internet. Bluetooth
has a short distance disadvantage and a low power advantage
[15]. Using Wi-Fi or the Internet on a smartphone to get
datasets lifts the limit of distances [16], however, requiring
high spending and high power. A smartphone is integrated
with many devices and functions, which are the main source
of power consumption [17], while not detecting the state of
health. Besides, the user does not always move about with
their smartphone. When using an application on a
smartphone, people may experience some serious privacy
issues [18].

Nowadays, more medical devices use IoT technology to
collect data [19]. Presently, the main IoT technologies uti-
lized in the market are NB-IoT (Narrow Band Internet of
Things), ZigBee, Sigfox, and LoRa. NB-IoT communication
is authorized to use the frequency band below 1GHz, which
charges companies’ money. NB-IoT [20, 21] cannot provide
the same battery life as LoRa due to the consideration of ser-
vice quality. If an organization needs good service, NB-IoT is
a good choice while the features of low cost and a large
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number of connections are perfect for LoRa service. ZigBee
[22, 23] has advanced features of low complexity, low power,
and low price but is limited by its transmission range, which
is only 10-75 meters. Sigfox [24] has an ultralong transmis-
sion distance of 50 km, but to ensure the energy-saving char-
acteristics, the number of daily transmissions will be limited.
In comparison with the IoT method, using Kinect [25] or
camera [26] is preferred to identify the postures. With this
kind of detection based on the image, a blind angle of vision
appears, resulting in poor user experience. Using posture
detection based on continuous signal data avoids space limi-
tation and visual blind area. Compared to picture or video
information, pure digital signal data is easier to encrypt and
its representation harder to understand [27, 28]. On the other
hand, signal data describes important information in its wave
changes [29], which explains why a person stands up after a
long time of sitting without the detector’s warning. Because
there is an average supervision time in the detector, this per-
son feels tired even after sitting for a while. Then, the applica-
tion adjusts to fit personal habits.

Considering the limitation of LoRa transmission, extract-
ing significant information from multisensor data with a rea-
sonable communication cost becomes a crucial problem. In
the study of He et al. [30], their team proposed approximate
aggregation to extract significant information. Peng pro-
posed using Random Forest to optimize the characteristic
high voltage signal of a PD cable to improve the accuracy
and efficiency of PD pattern recognition and visualization
of PD parameters [31]. The results show that the calculation
of the importance of Random Forest to features is reliable.
Hence, this system tries to use Random Forest to select the
key features LoRa nodes require. SVM, KNN, and Random
Forest have outstanding performance in the classification of
human posture [32–34]. For the continuous signal data col-
lected by LoRa nodes, a classifier with the highest accuracy
is required to highly improve the accuracy of posture recog-
nition. Due to the limitation of LoRa transmission and too
much data compression, the optimal classifier is necessary.
Facing current smart cyberphysical systems, the data com-
pression should not only save uploading energy but guaran-
tee privacy [35].

3. Posture Recognition System

3.1. System Framework. The LoRa-based human posture rec-
ognition system consists of four modules, posture informa-
tion sensor module, wireless transmission module, human
posture recognition module, and user interface module as
color-coded in Figure 1. The terminal device, including the
posture information sensor module and LoRa shield, collects
the posture datasets and transmits them to the nearest LoRa
gateway. After receiving a complete dataset package, the
LoRa gateway delivers the datasets to the net server, which
saves it. The Random Forest (RF) algorithm then analyzes
the datasets and recognizes the postures. Then, the output
results are as required by the users’ operations.

The posture sensor module consists of an accelerometer,
gyroscope, and magnetometer, which are utilized to periodi-
cally collect the posture datasets like running, walking, stand-

ing, jumping, and going upstairs or downstairs. The
integrated posture information sensor module performs data
denoising, data segmentation, and feature extraction auto-
matically. In practice, it is equipped within the clothes as a
wearable smart sensor as is shown in Figure 2.

The wireless transmission module is composed of a LoRa
shield, gateway, and server. The terminal device combines
multisensors and LoRa shield as a mobile detector to collect
datasets and transmit the datasets to the LoRa gateway,
which is a transfer station and delivers the datasets to the
net server. This LoRa-based module can wirelessly transmit
data from the terminal node to the server with high quality,
low power consumption, and over a long distance. The trans-
mitting process is based on a broadcast protocol, which
ensures that users connect to the gateway wherever they are
and the devices can upload the datasets automatically.

Before using the human posture recognition module
shown in Figure 1, the red rectangle, the server, needs to set
up the local recognition application. Because the magnetom-
eter used in the terminal device is influenced by the local
buildings and the location of the city, a trained module from
other places will not work as efficiently as one from the local
environment. Setting a local recognition application needs
five steps: collecting local datasets, data preprocessing like
denoising and smoothing, feature extraction, training new
modules, and resetting the terminal device with the new
feature extracted data format. After setting a local module,
then when a group of new datasets comes in, users can get
local results.

3.2. Posture Information Sensor Module. After analyzing
some of the most popular human posture recognition prod-
ucts, the accelerometer, gyroscope, and magnetometer are
selected to collect the human activity information. These sen-
sors collect three-axis signal data of the x-, y-, and z-axes. In
total, nine types of original signals were collected. The CPU is
the Arduino Mega board.

These three sensors detect the values in real-time with a
frequency of 25Hz and have their monitoring value ranges.
Every sensor has three axes, x-, y-, and z-axes. In total, the
three sensors have nine axes and collect 25 groups of datasets,
where every single dataset includes nine digital values, in one
second. The ArduinoMega board calculates the max andmin
values, mean, and standard deviation of 25 × 5 groups of
datasets every 5 seconds. Limited by the signal bandwidth
of LoRa, every transmitting interval is approximately 10 sec-
onds. Therefore, every transmission includes two groups of
max and min values, the mean, and standard deviation to
represent what postures the user is in within these 10 sec-
onds. The terminal node with sensors and Arduino Mega
board should be fixed on the user’s back or chest to collect
points, which are more globally characterized than other
limb placements.

3.3. Wireless Transmission Module. LoRa uses linear spread
spectrum modulation technology, and its link budget allows
the communication distance to be 15 km or higher. However,
its signal is blocked by the buildings in cities so its distance
usually is 1~2 km in cities. The LoRa network works in
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unlicensed bands such as 433Hz, 868Hz, and 915Hz, and
the infrastructure and operating costs of the LoRa WAN
are thus low.

The wireless transmission module mainly consists of a
LoRa node, LoRa gateway, and network server. The LoRa
node, the terminal device, is mainly responsible for the trans-
mission of electrical signals from the microcontroller. The
LoRa gateway, as a transfer station, temporarily stores data
and checks data integrity, then sends datasets to the network
server. The LoRa WAN adopts a star network topology; that
is, each node and gateway can communicate with each other
in two directions. Broadcasting is utilized to achieve this
requirement. Whatever the user’s destination, the LoRa node
always connects to the current nearest gateway instead of an
exact gateway. This structure realizes the requirements of
long-distance transmission and reduces the complexity of
the network structure to reduce energy consumption and
extend the internal battery life of nodes.

To ensure the feasibility of the star network, the LoRa
gateway has the ability to deal with a large amount of infor-
mation from each node. LoRa’s high network capacity is
achieved by using adaptive data rates and transceivers with
multichannel and multiple modems in the gateway.
Figure 3 illustrates the process of uploading datasets. Due
to each group of data uploaded by broadcast protocol, a gate-

way may receive datasets from different nodes, which cause
LoRa gateway itself to use different data receiving rates
although the transmitting rate in each node is fixed. Because
LoRa is modulation based on the spread spectrum, each
signal is orthogonal. When the expansion factor changes,
the effective data rate also changes. With this performance,
the gateway can accept different data rates on the same
channel simultaneously.

The most important factors to ensure that the gateway
receives data at the maximum rate are the number of concur-
rent channels, data rate, load length, and the frequency of
data transmission between nodes. Therefore, LoRa cannot
transmit long data between nodes and gateway.

f PLð Þ =max ceil
PL + Header + CRC − 4SF − 20H

4 SF − 2DEð Þ
� �

× CR, 0
� �

:

ð1Þ

PL represents the number of payload bytes, which is the
posture dataset the system needs. Header is composed of
preloaded information. CRC is used to check for cyclic
redundancy. SF represents the spread-spectrum factor.
When using the data header, H equals 0, otherwise, H equals
1. If the data transmission mode is set to low data rate
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Figure 1: Four modules in LoRa posture recognition system.

(a) (b) (c)

Figure 2: LoRa wearable integrated sensors: (a) the position of a LoRa node on clothing; (b) person wearing the clothing; (c) the clothing
inside view.
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optimization, DE = 1, otherwise, DE = 0. CR stands for cod-
ing rate, value is 1 to 4. The function ceil() returns a value
that is bigger than the calculated result in parentheses or
equals. Then, the max function is used to get the biggest
value between 0 and ceilðÞ × CR. When other coefficients
are fixed, PL becomes larger and then, the result, f ðPLÞ,
becomes larger, which means LoRa delivers more informa-
tion in this transmission.

f f PLð Þð Þ = Tpre + f PLð Þ × Tpay, ð2Þ

Tpre represents the time required for preamble trans-
mission while Tpay is the selected transmitting mode.
When f ðPLÞ becomes larger and LoRa bandwidth is fixed,
the overall transmitting time becomes larger. As posture
datasets required, 25 groups of datasets are needed to be
transmitted every second. LoRa also has itself min trans-
mitting time, five seconds in Figure 4. What the system
requires is that the whole posture datasets, 9-axis data
times 25 frames each second and 5 seconds in total,
should be compressed from 0 to 30 bytes. In the recogni-
tion module, a method using the Random Forest algo-
rithm to catch key features of datasets will be explained.

Another way to compress information is to transfer the
original data type into bytes. The received datasets are in
the form of float type data, which takes up 4 bytes in Arduino
Mega’s memory. When transmitting to the LoRa gateway,
the data type is transferred from float to string, which nearly
doubles the size of the float.

As shown in Table 1, the char type takes the least memory
when transmitting. Thus, Arduino Mega transfers float type
data into char[2], where char[0] represents the integer part
while char[1] is the decimal part. In Table 2, an example is
listed. At the beginning of a dataset package, a symbol posi-
tion is added because char type only contains the values with-
out positive or negative. Then, posture values are filled in
after completing the dataset feature extraction. As for Ardu-
ino Mega board settings, every char type data consists of 8
bits. Symbol position is one char data and is composed of 8
bits representing positive or negative values of the sensors
in Table 3.

In this module, the web server is responsible for manag-
ing all data originating from the gateway. All gateways com-
municate with the web server via a standard IP connection. If
there are multiple gateways in one area, the network server
automatically filters duplicate packets from different gate-
ways to select the best quality packets. Besides, the web server
verifies data security and sends confirmation characters to
the gateway. Another core aspect of the web server is to peri-
odically send data to the application server.

3.4. Posture Recognition Module. The posture recognition
module is the core of this system and decides whether the
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Figure 3: Structure of the LoRa wireless transmission module.
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Table 1: A comparison among the types of int, float, string, and
char in Arduino Mega.

Data type Int Float String Char[2]

Size 4 4 8 2
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system effectively recognizes postures. In Figure 5, what is
required in this module is to do the data preprocessing, fea-
ture extraction, and feature selection;, to train the module;
and to improve the accuracy as much as possible.

3.4.1. Data Preprocessing. From the commercial posture
detection products based on Bluetooth, we can see that the
posture data is cyclical and smooth in Figure 6. In this
system, the posture information sensor module is self-made
so there are some errors in the measurement of the sensors.
The errors are usually internal errors of the sensor and the
jitter errors caused by wearing them on the human body,
resulting in burrs, noises, etc. This kind of noise signal,
which affects the amplitude of data fluctuation, will directly
affect the subsequent feature extraction, classification, and
recognition effect. At this time, the module needs to cali-
brate the sensor data in advance and denoise the collected
original data.

The recursive average filtering method has a simple
working mechanism and low computational complexity.
The principle of the recursive average filtering method is to
slide the sampling value step by step and then filter with
the way of averaging the previous multiple samples. The
effective sampling value is put into use and is obtained by
the formula

y ið Þ = 〠
m−1

n=0

x i − nð Þ
m

, i ≥ nð Þ, ð3Þ

where xðiÞ is the real-time sensor signal data, yðiÞ is the
recursive average value calculated at this time, and m is the
number of sample values, which are randomly selected. It is
found that when m = 5, the original fluctuation state of data
is preserved, and the errors caused by burr and jitter are
removed. Compared with when m = 3, the denoising effect
is not obvious, and when m = 10, excessive denoising results
in the elimination of some fluctuation features. The final
value is 5.

Posture data is based on time serial and frames, and the
transmission interval of LoRa technology is fixed. The data-
sets collected exclude the middle state values resulting in
the above two factors. Thus, aiming at adding lost informa-
tion, a mining value method, named sliding windows illus-
trated in Figure 7, is utilized for data preprocessing. The
length and coverage of the sliding windows are two impor-

tant parameters. If the window is too small, a complete
human posture is not captured. If the window is too large
and contains many human body postures, the characteristics
of a posture are weakened. Our experiment concluded that 3
frames and 5 frames are the two most suitable interval values
as shown in Table 4. Utilizing varieties of recognition algo-
rithms does not alter the results as the three-frame interval
always provides the best accuracy. Due to the small amount
of data in this experiment, the 3-frame value is used as the
interval value for the experiment.

3.4.2. Feature Extraction and Selection. To further improve
the frequency of human posture recognition and meet the
conditions of the LoRa terminal node transmission, this
study uses the feature selection algorithm of Random Forest
to select a few samples of the most representative features
out of 45 features extracted by the scientific analysis method
for posture recognition training.

(1) Feature Extraction. In Figure 6, the features of various
postures have certain differences, like the values of the peaks
and troughs, dispersion degrees, max-min ranges, and
means. In acceleration wave Figure 6, peaks and troughs of
the waves represent the vigorous exercise, like jumping or
running. In this case, only using this feature, the posture of
stand and others can be easily distinguished.

xsamax
= max xsa0, xsa1⋯ xsa125ð Þ,

xsamin
= min xsa0, xsa1⋯ xsa125ð Þ:

ð4Þ

In this formula, xsa represents sensor s and axis a. The
data of every single axis has 25 values hence, in 5 seconds,
125 values. Therefore, the result is the max values of the
125 values from a single axis.

y = xsamax
− xsamin

, ð5Þ

where y represents the max range values minus min range
values in a signal wave. In statistics, the range is often used
to describe the dispersion degree of a group of data, as well
as the variation range and dispersion range of variable distri-
bution. The greater the range, the greater the degree of dis-
persion, while the smaller the range, the smaller the degree
of dispersion.

Mean xsað Þ = ∑n
i=1xsai
n

: ð6Þ

Mean describes the average values of the waveform. xsai
represents the data in a sliding window in formula (6). Then,
these values in the same sliding window are summed and the
summed value is divided by the total amount to get the mean.
In Figure 6, the means of different features reach different

Table 2: Posture data format in Arduino Mega.

Symbol Accelerometer—X Gyroscope—mean Magnetometer—Y

F E 0 0 1 2 0 0 D 1 0 0 f 2

Table 3: The format of positive and negative values.

1 0 0 1 1 1 0 0

+ — — + + + Null Null
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Figure 5: The processing of module construct and recognition in LoRa posture recognition module.
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Figure 6: Acceleration triaxial signal graph of six postures: (a) walking; (b) jumping; (c) going upstairs; (d) going downstairs; (e) running; (f)
standing.
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levels because these waves of postures are all nearly
symmetrical and have their unique peak, with two features;
a unique mean is generated and used as a significant feature
in recognition.

σ =
ffiffiffiffiffi
σ2

p
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i=1 xsai −mean xsað Þð Þ2
n

r
, ð7Þ

where σ2 represents variance while σ represents the standard
deviation. The standard deviation reflects the discrete degree
of a data set. The standard deviation may not be the same for
two groups of data with the same mean. Thus, to some
extent, the standard deviation solves the problem, the same
mean but different postures. Also, the standard deviation
effectively calculates the degree of data dispersion. The stan-
dard deviation of a posture with a large range in the wave will
be larger than that of a posture with a small range in the wave
such as standing and speaking. Therefore, the standard devi-
ation is used as one of the effective recognition features.

Every single axis of a sensor has 5 extracted features,
maximum and minimum value, max-min range, mean, and
the standard deviation. Therefore, one group dataset in five
minutes has 45 features in total. Due to the limitation of LoRa
transmission, what this system requires is to select the four
most important features in these extracted features. In this
study, four features are selected as the most important; how-
ever, in different areas and spaces, the importance may be
altered by the environment and irresistible factors. Therefore,
they are also useful even though not selected in this particular
study.

(2) Feature Selection. Random Forest uses random resam-
pling technology and node random splitting technology to
generate multiple decision trees, and the final result is given
by voting. The Random Forest calculates the importance of
each variable in the training classification process, and this
excellent property is open to development in many projects.

Every decision tree in the Random Forest algorithm uses
the out-of-bag data method (an error estimation method that
replaces the test set) to calculate the corresponding out-of-
bag data error, which is recorded as erroob1. Random Forest
randomly adds a noise interference to the features of all sam-
ples of out-of-bag data, which is used to randomly change the
value of samples at feature x, and then calculates the error of
out-of-bag data, which is recorded as erroob2. Supposing
that there are n decision trees in a Random Forest algorithm,
the importance of feature x is expressed as follows:

f Xð Þ = 1
N
〠 erroob2 − erroob1ð Þ: ð8Þ

This formula is used as a measure of the importance of
variables. When random noise is added to a variable, the
accuracy outside the bag decreases obviously; this shows that
this feature has a great influence on the result of sample clas-
sification. In other words, its importance accounts for a rela-
tively high proportion.

The feature selection is based on the importance of vari-
ables in the Random Forest data, and the dimension reduc-
tion is completed by selecting a series of data with high
importance manually. When selecting features, we should
pay attention to the selection of data groups with high corre-
lation and importance, the selection of features with fewer
data, and the selection of features that can maximize the
reflection of prediction results. To generate the features,
firstly, the characteristic variables in the Random Forest are
sorted in a descending order or ascending order. Secondly,
identify unnecessary features, remove data with particularly
low correlation, and get new data groups. Then, establish a
new Random Forest model with a new set of eigenvectors
and calculate the importance of the features. Finally, repeat
steps 1-3 until m features are left.
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Figure 7: Posture data segmentation based on sliding windows.

Table 4: Comparison of accuracy with different interval time for
sliding windows.

Interval KNN SVM RF NN LR Bayes

25 frames 0.66 0.83 0.85 0.82 0.49 0.75

15 frames 0.77 0.83 0.87 0.83 0.67 0.72

5 frames 0.88 0.94 0.92 0.82 0.64 0.82

3 frames 0.91 0.97 0.96 0.88 0.63 0.83
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After the above steps, the most important four features
selected in this experiment are the max-min range of acceler-
ometer z-axis, magnetometer y-axis, the standard deviation
of the gyroscope x-axis, and the max-min range of magne-
tometer x-axis.

3.4.3. Posture Recognition. In the posture recognition mod-
ule, multisource sensor information was used to recognize
human postures. To guarantee a high level of accuracy as
possible, the best classifier is required. In the study, 6
machine learning methods are utilized to train the four
selected features and the accuracy is shown in Table 5. Hence,
the Random Forest algorithm is selected as the classifier.

Random Forest is a supervised learning algorithm. From
the name of Random Forest, one knows that it is a classifier
composed of multiple decision trees. The essence of this clas-
sifier is based on the idea of ensemble learning in machine
learning, which combines several small classifier models to
form a larger classifier to make prediction and recognition.
Each small classifier is independent of the other and studies
and tests the samples independently. Finally, the classifica-
tion results of multiple small classifiers are combined to form
a large single classification prediction output. From the prin-
ciple algorithm, the final result is better than each small indi-
vidual classifier.

(1) Generation of the Training Set. The algorithms to realize
the decision tree include ID3, C4.5, and CART algorithms.
Among them, ID3 chooses information gain value as the
evaluation standard of the split attribute, because informa-
tion gain tends to rely on multivalue characteristic attri-
butes in the calculation process, which makes the result
biased and easy to fall into local optimum. Based on this
problem, C4.5 improves. It changes the evaluation stan-
dard of attribute splitting to information gain rate and
eliminates the resulting bias caused by quantity. In the
CART [36] algorithm, the Gini index is used as the evalu-
ation standard of attribute splitting, and the attribute with
the least impurity is selected.

Besides, another feature of CART is to use dichotomy
to form a binary tree for tree structure, and there are only
two values of yes or no for feature division. This design dis-
cretizes the continuous attributes, making it possible to deal
with the continuous attributes and achieve data regression
prediction. Wholly, in addition to the evaluation criteria
and tree structure mentioned above, the framework and
mode of cart decision tree and common decision tree are
consistent, that is, the three processes of attribute selection
based on the evaluation, top-down recursive spanning tree
structure, and decision tree pruning.

In general, the same sample can only build a decision
tree. If we want to use the same batch of data samples to build
multiple decision trees, we need to select multiple samples by
way of resampling data and replacing them. Each selected
sample can build a cart decision tree, and resample can build
a cart decision tree classifier. The set of these classifiers con-
stitutes a Random Forest. If the sampling method without
replacement is adopted, the training samples used by each
tree will be completely different, which will lead to a certain
degree of deviation for each decision tree, and the voting
mechanism of the subsequent Random Forest is the process
of seeking the same, which will not be conducive for the con-
struction of the model.

The randomness of Random Forest is reflected not only
in the randomness of sample selection but also in the ran-
domness of feature selection. Randomly selected features
from all attributes of samples are used for the construction
of the classifier. The purpose of this operation is to reduce
the correlation between the decision trees. The lower the cor-
relation, the lower the error rate.

(2) Generation of Decision Tree. The sampling method in the
first step is used to generate training set samples and train
each decision tree model. Decision trees in Random Forest
do not particularly need to be pruned. The training samples
of the decision tree are filtered by random samples and
random features, which makes the decision tree unlikely to
overfit in the construction process.

Table 5: Posture accuracy of different algorithms.

Algorithms KNN SVM RandomForest Neural network Logistic regression Bayes GaussianNB

Accuracy (%) 91.26 91.05 95.06 89.81 87.96 86.01

USB download
4-way hardware serial port
12C port

Digital IO
ATmega16U2
ATmega2560
ICSP/ISP port

Analog input port
DC input

(a)

Y axis
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Z axis

(b) (c)

Figure 8: LoRa sensor and posture sensor introduction: (a) Arduino Mega 2560; (b) integrated sensors; (c) terminal equipment assembly.

9Wireless Communications and Mobile Computing



(3) Formation of RF. After training multiple decision trees,
the classification results of the decision trees are summarized
and the prediction results of the final model are selected by

voting rules. Common voting rules include a one-vote veto
system, a minority subject to the majority, and a weighted
majority. Here, minority subject to the majority is used.
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Figure 9: Different effects of the recursive average filtering when m= 3, 5, 10: (a) m = 3; (b) m = 5; (c) m = 10.
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4. Experiments and Analysis Conclusions

In the experimental part, the parameters of the LoRa nodes
and gateway are given in detail. The key results of data
denoising, feature extraction, and feature selection are dis-
played in the figures with different parameters. After a com-
parative analysis, the best classification algorithm is selected
as the main recognition method in this system.

Figure 8(a) shows the integrated sensors with the acceler-
ometer, gyroscopes, and magnetometers, which detect three-
axis data, respectively. Their detecting frequency is 25Hz.
Figure 8(b) shows the Arduino Mega. In the sensor data
acquisition module, Arduino Mega 2560 is selected as the
microprocessor, which has high performance and low power
consumption characteristics. Arduino Mega 2560 is a master
development board based on ATmega2560. In addition to
providing serial port data transmission, this processor sup-
ports Wi-Fi, Lora, and other wireless transmission modules,
and users can select the appropriate transmission mode with
the use of scenarios. In Figure 8(c), the red board is the LoRa
shield, which is utilized for gateway connection and trans-
mission. The LoRa shield chip parameters are as follows:
equipment size 62 × 43 × 23mm, equipment weight 22 g,
package size 11 × 70 × 36mm, and package weight 53 g. Lora
shield is compatible with 3.3V or 5V I/O performance. Its
frequency band is 915MHz/868MHz/433MHz three differ-
ent optional intervals. This frequency band is factory config-
ured. LoRa shield boards are compatible with Arduino
Leonardo or Uno or Mega or due. LoRa shield’s signal trans-
mission is through I-Pex external connector antenna for data

exchange and has the characteristics of low power consump-
tion. Three parts are assembled to form the terminal equip-
ment as a LoRa node.

Due to the limitation of LoRa transmission, the posture
datasets cannot be wirelessly transmitted directly. The termi-
nal device is connected by PC to collect the raw datasets to go
on the next analysis. In the part of collecting raw datasets, the
sample rate is 25 frames per second. These raw datasets are
saved in different CSV files according to the different types
of postures.

Raw datasets have some certain noises, which are caused
by the sensor itself or the environment. To guarantee the
accuracy of the trained module, data denoising is required.
The recursive average filtering method is utilized to smooth
the waves. Figure 9 shows the effects of the recursive average
filtering when m = 3, m = 5, and m = 10, respectively. It is
clear that when m = 3, there are still some sharp changes
and noise remaining. When m = 10, it is too smooth that it
loses some key information like real peak values. When m
= 5, it neither devalues the peaks nor retains noise. There-
fore, all posture datasets are processed with m = 5 and
resaved in CSV files.

The raw datasets are based on frame sampling with a
sampling frequency of 25 frames per second. This operation
will cause some information between two consecutive sam-
ples to be lost. Hence, using the sliding window method
enlarges datasets and fills in the lost posture information. Ini-
tially, raw datasets are 500 groups of posture datasets. After
using the sliding window where the sliding step is 15, there
are 647 groups of datasets. When the sliding window is 5,
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Figure 10: Accuracy of different cases: raw data, sliding window m= 15, 5, and 3, respectively.
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there are 1942 groups of datasets, while when the sliding win-
dow is 3, there are 80975 lines of datasets, which are 3239
groups of datasets.

Figure 10 shows the accuracy of raw data and window
= 15, 5, and 3, respectively. There are six learning algorithms,

KNN, SVM, Random Forest, Bayes, logistic regression, and
neural network. Every algorithm has four histograms repre-
senting the accuracy of raw data and window = 15, 5, and 3.
As shown, when the sliding window step gradually decreases
and the amount of samples increases, the accuracy of most
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algorithms greatly improves, even when the sliding window
= 3, and the accuracy of SVM and Random Forest can reach
97.02% and 96.19%, respectively, which is approximately a
15% and 38% increase in comparison with the accuracy of
raw data.

Up to now, the accuracy is improved and the sliding win-
dow is proved successful. However, LoRa transmission still
requires a small data size. Hence, feature extraction and
selection should be implemented.

All axes, the 5 features included, max values, min values,
max-min range, mean, and standard deviation, are extracted
as new input datasets. In total, features have 45 types gener-
ated from 9 axes. According to the equipment in this exper-
iment, we used Random Forest to calculate the importance
and selected the most important 4 features to meet the LoRa
basic requirement. Figure 11(a) shows the descending order
of 45 features. As seen, the 21st, 23rd, 40th, and 22nd features
get the highest scores. These 4 features represent the max-
min range of the accelerometer, z-axis; magnetometer, y
-axis; the standard deviation of the gyroscope, x-axis; and
the max-min range of the magnetometer, x-axis.

Figure 11(b) shows the best two learning algorithms with
5 processed datasets, where the last green histogram is
selected feature datasets. This figure shows feature extraction
and selection which more effectively conclude the informa-
tion of datasets, and when these are applied in learning, the
accuracy is directly improved. The raw data only tells what
sample, pattern, or wave the data is, while extracted features
tell what is behind the data, like whether it is symmetrical
movement or violent movement.

When put into the learning module, the datasets of 4
selected features show slightly lowered accuracy in
Figure 12. Due to the information lost when giving up the
other 41 features, this case is understood and accepted. The

accuracy, 91.05% and 95.06% in SVM and Random Forest,
also represents high correctness, and they prove that we
selected the right features. Finally, due to the better perfor-
mance of the Random Forest algorithm, it is selected as the
final recognition module for the overall system structure.

According to previous experiments, the key features are
found. Then, the terminal device, the LoRa node, is required
to reset the transmission format and data values to meet the
transmission basis. Now, the process of setting up the human
posture module is finished.

To determine the accuracy and strength of the system, we
tested the different human postures as follows. We collected
500 hundred groups of datasets, 100 datasets per posture,
from 3 different people as shown in Table 6. The posture
stand has perfect accuracy of 100% recognition. Going
upstairs and downstairs is likely to be mistaken as walking
while walking and running are likely to be mistaken as going
upstairs and downstairs. Although there are some small
errors, the recognition module works well when experiencing
other posture datasets.

5. Conclusion

This paper presents a LoRa posture recognition system based
on multisensor fusion. This paper describes how and why
human posture recognition is important for a smart city.
Human posture recognition helps people monitor their
health and collect information for scientists to develop
healthy exercise method and find the secret between health
and daily postures. The system includes sensor modules
based on accelerometer, gyroscope, and magnetometer to
collect posture information. It uses LoRa wireless network
technology to transmit sensor data to the network server.
After receiving the data from the cloud server, the application
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server recognizes and classifies the human posture. This
paper proposes how to preprocess the frame-based posture
data, extract features, and select features. It includes data
denoising based on recursive average filtering and data
stream segmentation based on the sliding window. In 5 sec-
onds, 45 key features are extracted and the first 4 key features
are selected to reset the terminal equipment. The experimen-
tal results show that the recognition rate of the four features
is 95.06%. This achieves the goal of using a small number of
features to maintain high classification accuracy. In future
work, we will collect additional postures as a training set for
further postural recognition. But the extra postures may need
more features because it will not get high accuracy with only
four features. Hence, we are actively looking for a stronger
LoRa gateway.
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