
Research Article
Towards Activity Recognition through Multidimensional Mobile
Data Fusion with a Smartphone and Deep Learning

Junkuo Cao,1 Mingcai Lin,2 Han Wang,3 Jiacheng Fang,3 and Yueshen Xu 3

1Network and Data Center, Hainan Normal University, Haikou, China
2Haikou National Science Park, Hainan Normal University, Haikou, China
3School of Computer Science and Technology, Xidian University, Xi’an, China

Correspondence should be addressed to Yueshen Xu; ysxu@xidian.edu.cn

Received 29 October 2020; Revised 4 March 2021; Accepted 13 April 2021; Published 20 April 2021

Academic Editor: Xiaoxian Yang

Copyright © 2021 Junkuo Cao et al. *is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

*e field of activity recognition has evolved relatively early and has attracted countless researchers. With the continuous de-
velopment of science and technology, people’s research on human activity recognition is also deepening and becoming richer.
Nowadays, whether it is medicine, education, sports, or smart home, various fields have developed a strong interest in activity
recognition, and a series of research results have also been put into people’s real production and life. Nowadays, smart phones have
become quite popular, and the technology is becoming more and more mature, and various sensors have emerged at the historic
moment, so the related research on activity recognition based onmobile phone sensors has its necessity and possibility.*is article
will use an Android smartphone to collect the data of six basic behaviors of human, which are walking, running, standing, sitting,
going upstairs, and going downstairs, through its acceleration sensor, and use the classic model of deep learning CNN (con-
volutional neural network) to fuse those multidimensional mobile data, using TensorFlow for model training and test evaluation.
*e generated model is finally transplanted to an Android phone to complete the mobile-end activity recognition system.

1. Introduction

Human activity recognition belongs to a branch of pattern
recognition, and its related research can be traced back to the
1980s. Because it can provide personalized support for many
different applications and has connections with many dif-
ferent subject areas, such as medicine, human-computer
interaction, and sociology [1, 2]. *e research on human
activity recognition has never stopped and has always been a
research hot topic for researchers. Numerous researchers
have tried to find amethod that can efficiently and accurately
identify human activities [3, 4]. Based on the support of
various software and hardware, there have been many good
research results in the field of human activity recognition,
but the recognition effect still needs to be improved, and
with the continuous development of technology and con-
tinuous research of various theories, it is necessary to
continuously carry out new exploration and research in the
field of human activity recognition in order to propose an

efficient and accurate method of human activity recognition
in the future [5, 6].

At present, researches in the field of human activity
recognition can be divided into two categories, one of which
is based on the analysis of video images, and the other is
based on various motion sensors, such as inertial navigation
modules and acceleration sensors [7, 8]. *e image-based
research method can be more intuitive and accurate and can
better identify the complex motion state. At present, the
research on human activity recognition in China is mainly
based on image analysis [9, 10]. *is method has its ad-
vantages, but its disadvantages are also obvious. It requires
higher data acquisition equipment, and its costs are higher; it
can only be used in characteristic venues [11, 12]. *erefore,
this method is not very popular and is only applied in some
specific fields. *is research method does not belong to the
research content of this article. It will not be described in
detail. Interested readers can inquire related information by
themselves.
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Another type of activity recognition is based on motion
sensors. In recent years, with the rapid development of
technology, the accuracy of sensors has increased, and the
cost of production has been reduced [13, 14]. Particularly in
recent years, smartphone users have continued to increase at
an almost explosive speed. *e growth of sensor devices in
smart phones is becoming more sophisticated, and wearable
devices are spreading at an alarming rate [15, 16].*ese have
led many researchers to see the research prospects of the
sensor-based activity recognition. *erefore, in recent years,
research in this field has attracted more and more re-
searchers to participate in it and has created many gratifying
researches results [17, 18]. Many related researches have
been applied to the daily lives of people such as medicine and
sports. In China, many researchers have also proposed many
cutting-edge research results. However, as the research
continues and the accuracy increases, the increase in the
types of identification activities has become a major prob-
lem. *ere is no particularly good solution, so research in
this direction still requires the continuous efforts of many
researchers.

*e research on human activity recognition can be di-
vided into two general directions [19]. It is divided into
research based on video images, or research based onmotion
sensors. I will not go into details here, but the general re-
search methods and steps are similar and are generally
divided into the following steps: data collection, feature
extraction, model building, and model evaluation. *e re-
search in this paper starts with data acquisition, that is,
acceleration sensor data and uses TensorFlow1 (Google
open-source system for artificial intelligence) to build a
CNN (convolutional neural network). We further use the
collected data for model training and test and evaluate and
develop the model. In the end, we transplant the developed
model to the mobile computing platform to implement the
mobile-end activity recognition system.

*e rest of this paper is organized as follows. Section 2
discusses the related work. Section 3 elaborates the data
collection work in real-world environment. Section 4 ex-
plains the proposed convolutional neural network-based
model. Section 5 depicts the implementation and running of
our platform. Section 6 presents the experiments and
analysis. Section 7 concludes the whole paper.

2. Related Work

As early as 2010, the method of using signal strength de-
scriptor to detect indoor movement was proposed. *is
method can also be applied to the detection of virtual objects
near the transmitter and the movement of people moving in
the room [20, 21].

Later, the method of using WiFi signal to track human
body and recognize simple gestures has been developed one
after another [22, 23], and the corresponding tools have also
been released, such as tools that can record the detailed
measurement of wireless channel and the tracking of re-
ceived 802.11 packets [24]. Wireless network can realize
device-free fall detection [25], which breaks through the
limitation of conventional fall detection system without

external modification or additional environment settings.
WiFi signal can also be used to detect smoking behavior, and
a passive smoking detection system based on foreground
detection is realized [26]. *e latest related papers also focus
on multitarget tracking in mobile environment without
equipment. *is paper proposes an antinoise, unobtrusive,
and no-equipment tracking framework [27].

In addition, the fine-grained activity recognition can be
realized by RGB-D camera, which improves the intelligence
of pervasive and interactive system to a new level [28, 29]. All
kinds of new types of small sensors shine brilliantly in the
application of human activity recognition. *rough wear-
able sensors or even sensors based on smart phones, we can
track human activities and provide health care support
[30, 31]. For example, through wearable acoustic sensors, we
can analyze the voice generated in the throat area of the user
and accurately identify the user’s activities [32]. In Im-
plantable Medical Devices (IMD), wireless communication
is used to deal with the interference attack of others and
improve the security of IMD [33]. *rough WiFi signal, we
can not only recognize human activity, but also hear our
speech by detecting the mouth and analyzing the fine-
grained radio reflection from the mouth action [34]. When
analyzing and calculating the collected data, edge computing
can be used to improve resource utilization and execution
efficiency [35].

*e application of neural network in the field of activity
recognition is more and more extensive. *e image classi-
fication method based on deep convolution neural network
promotes the development of neural information processing
system [36]. On the basis of CNN, the ability of activity
recognition is improved by using data enhancement and
transfer learning [37]. *e framework of activity recognition
based on CNN is developed [38]. When training human
activity data, the activity recognition model trained on one
person may not work well when it is applied to predict
another person’s activity [39, 40]. In order to meet this
challenge, data enhancement for human activity recognition
is also a research hotspot.

3. Data Collection

3.1. Sensors of Smartphone. *e data collected by the sensors
of the smartphone has its own set of coordinate systems (the
natural coordinate system of themobile phone). As shown in
Figure 1, the phone is positive in the x-axis direction, the y-
axis is in the upward direction, and the z-axis is in the
positive direction perpendicular to the mobile phone screen.
*e built system can monitor the change of acceleration
value of the smart phone device in the three axes of the
corresponding x-axis, y-axis, and z-axis.

Looking at the official Google Android developer web-
site2, we can find that the Android platform provides
thirteen sensors for use. Some of these sensors are hardware-
based and some are software-based. However, not all An-
droid sensors have all of these sensors. Different Android
devices integrate different sensors and already support
different devices. *e acceleration sensor used in this article
is based on hardware. It monitors the mobile phone’s x-, y-,
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and z-axis acceleration in m/s2 (including gravity, and the x-,
y-, and z-axes are shown in Figure 1). *is sensor is inte-
grated in most mobile phones and tablets, and the Android
platform has supported it since version 1.5 (Table 1), so
using this sensor to design the activity recognition system
discussed in this article can be applied to almost all the
current market Android phone devices. *e acceleration
sensor measures the force exerted on the sensor and detects
the acceleration of the equipment according to the following
formula:

Ad � −
 Fs

mass
. (1)

Gravity always affects the accuracy of measurement,
which is computed according to the following relationship:

Ad � −g −
 F

mass
. (2)

*e Android platform provides a complete sensor
framework, including a series of sensor classes and inter-
faces. Using the corresponding API allows us to easily use
the functions of the corresponding sensor. *e main classes
used are SensorManager, Sensor, SensorEvent, and Sen-
sorListener. Each category is specifically explained with the
acceleration sensor studied in this paper.

(1) First, we obtain an instance of the SensorManager
class and undertake the management of each sensor,
such as creating a sensor instance, setting the sensor
sampling frequency, and registering/deregistering
sensor event monitoring.

(2) Second, we create an instance of the Sensor class
(acceleration sensor) through the SensorManager
instance.

(3) We use SensorManager to set the sampling fre-
quency of the acceleration sensor and event
monitoring.

(4) We rewrite the listener method, onSensorChanged
(SensorEvent event), where the accelerations on the
corresponding coordinate axes x, y, and z can be
obtained through event.values [0], event.values [1],
and event.values [2], respectively. We can obtain the
timestamp through event.timestamp.

3.2.Design and Implementation ofDataCollector. Due to the
timeliness of experimental purposes, the data is stored lo-
cally in txt text, one sample of data occupies one line, and
each sample of data uses the following format:

Data format: user ID, time stamp, x-axis acceleration, y-
axis acceleration, z-axis acceleration. Example: 1, sitting,
288956018483233, −6.3601966, −1.3551182, and 7.7943234.
Register and log in. After entering the main page of the
collector, select the corresponding state switch button on the
interface to start collecting sensor data. Every 200 pieces of
data are collected and written to the log file. Discard the data
collected for the first time and start recording from the
second set of data.*e design of the interface of the collector
is shown in Figure 2.

Due to the limitation of experiment time, environ-
ment, personnel, and other factors, the personnel involved
in the sampling were only themselves. Such a sampling
way is for improving the ability to train a better model
with less data. In this paper, the mobile phone is sampled
with the screen facing forward and the head down in the
right front pocket of the pants. And the total number of
samples finally obtained is 153,000. *e amount of
samples per activity is shown in Table 2.

*e specific pie chart distribution is shown in Figure 3.
*e sensor sampling frequency is 50HZ; that is, one

piece of data is collected every 0.02 s. *e data are collected
in 200 pieces. Here, waveform analysis of the first 200 pieces
of data collected for each activity is performed, where the
data are collected by the sensor in 4 seconds. *e horizontal
axis of the waveform graph is a time stamp, and the vertical
axis is the x, y, and z accelerations and the true acceleration
after normalization. *e computation is as follows:

Acc �

����������

x
2

+ y
2

+ z
2



, (3)

where Acc denotes the total acceleration.
Each activity corresponds to 4 waveforms. By observing

the waveform diagram of the sensor data corresponding to
human activities, we can intuitively feel that the sensor data
generated by different activities are different, and they have a
certain regularity. *erefore, we can use deep learning to let
machines learn this law and generate corresponding models
to achieve the purpose of identifying related human activ-
ities. *e 4 s sampling waveform of downstairs is given in
Figure 4, the 4s sampling waveform diagram of running is
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Figure 1: Mobile phone natural coordinate system.
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given in Figure 5, and the 4 s sampling waveform of sitting is
given in Figure 6. *e 4s sampling waveform of standing is
shown in Figure 7, the 4 s sampling waveform of upstairs is
shown in Figure 8, and the 4 s sampling waveform ofwalking
is shown in Figure 9.

4. Convolutional Neural Network-Based Model

Convolutional neural network (CNN) belongs to a type of
feedforward neural network. Convolutional neural network
has been widely used in the field of image and speech
recognition because of its better test results. *e most
commonly applied field of CNN is in the field of pattern
recognition, especially for large-scale image processing. It
has its extraordinary performance. Because it can make
images directly input to the network, it can avoid

complicated feature extraction processes and data recon-
struction process. However, due to its continuous innova-
tion, convolutional neural networks (CNN) are now also
used in the fields of video analysis, intelligent language
processing, and drug discovery. And at present, it has be-
come one of the hotspots in many scientific fields. Various
fields are trying to use convolutional neural network tech-
nology to add new vitality to their fields.

Since the successful release of the AlexNet architecture in
2012, a series of classic architectures such as VGG, GoogLeNet,
and ResNet have appeared successively. In recent years, re-
searchers have continued to design many new methods to
improve CNNs. *erefore, many variants of CNN architectures
have been proposed. *erefore, in different literatures, some
detailed description about convolutional neural networks
(CNN) may be biased in some places. However, no matter how
the variants are, the basic concepts and principles of the CNN
architecture will not change, and their various components are
also very close. We adopt LeNet-5 in this paper and adjust the
parameters in order to meet our demand. LeNet-5 can be di-
vided into 6 layers in addition to the input layer and output layer.
Each layer contains a different number of training parameters
(connection weights), as shown in Figure 10. *e specific
structure is convolution layer, pooling layer, volume layer,
pooling layer, fully connected layer, and fully connected layer.

(1) Convolutional layer: Convolutional layer is used for
feature extraction. In convolutional neural networks,
we often use multiple layers of convolutional layers
to get deeper feature maps.

(2) Pooling layer (lower sampling layer): *e main work
of the pooling layer is to compress the input feature

Table 1: Support for acceleration sensors in each version of the Android platform.

Sensor Android 4.0 (APL level 14) Android 2.3 (APL level 9) Android 2.2 (APL
Level8) Android 1.5 (APL level 3)

TYPE_ACCELEROMETER Yes Yes Yes Yes

Figure 2: Design of the main interface of the collector.

Table 2: *e amount of sampling data per activity.

Activity Number of samples Proportion (%)
Walking 21,600 14.1
Running 20,200 13.2
Standing 33,600 22.0
Sitting 27,000 17.6
Upstairs 26,600 17.4
Downstairs 24,000 15.7

15.70%

13.20%

17.60%
22.00%

17.40%

14.10%

Downstairs: 24000
Running: 20200
Sitting: 27000

Standing: 33600
Upstairs: 26600

Walking Downstairs

Sitting
Standing

Upstairs Running

Figure 3: Sample data distribution.
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map along the spatial dimension (height and width).
*e pooling layer can compress the feature map
output by the convolutional layer to extract the main
features, thereby reducing the number of parameters
and accelerating the neural network. And pooling
has translation invariance, which enables us to

extract the feature maps unchanged after the image is
panned and scaled, helping us to make correct and
identical recognition results for images that have
been panned and scaled.

(3) Fully connected layer: *e work of the fully con-
nected layer is relatively simple. It connects all the
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Figure 4: 4 s sampling waveform of downstairs.
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features and transmits these output values to the (i.e.,
SVM and Softmax) classifier for final classification
and judgment.

*e computation procedure of LeNet-5 employed in this
paper is as follows. *e weights that are generated from the
previous layer are represented as wi for the neural unit i. We
use sigmoid function to generate the state zi, which is
computed as follows:

zi � sigmoid wi( , (4)

where sigmoid(·) refers to the sigmoid function. *e output
layer is computed using RBF function (radial basic function)

to compute the result over each class. RBF computes the final
result yi over each class as

yi � 
k

zk − qij 
2
, (5)

where qij represents the ground truth of states.
*e overall structure is similar to LeNet-5 in our paper,

except for input and output, and it can be divided into six
layers. We use the visualization module that comes with
TensorFlow to visualize the specific neural structure in front
of us. *e overall neural network structure of this paper is
shown in Figure 10. Except for the input and output, the
specific neural network structure is convolution layer-
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pooling layer-convolution layer-pooling layer-fully con-
nected layer-fully connected layer. *e CNN structure used
in our work is presented in Figure 11.

5. The Implementation and Running of
Our Platform

TensorFlow is a set of Google open-source machine learning
systems, an upgraded version of DistBelief. According to the
official statement, TensorFlow can improve its performance
by almost 2 times in some benchmark tests compared to its
generation DistBelief. In fact, if TensorFlow is strictly
speaking, it is not a neural network library, but it is often
used to implement neural networks. In essence, TensorFlow

should be an open-source software library which takes the
form of a data flow graph and uses it for numerical cal-
culations. *erefore, as long as your calculations can be
expressed in the form of a data flow graph, then we can use
TensorFlow to implement the calculations. So, TensorFlow
can be said to be a very powerful and highly flexible tool.

In this paper, we finally use TensorFlow to build a
Convolutional Neural Network (CNN). In addition to the
above mentioned, another crucial point is the important
feature of TensorFlow portability. *is feature can provide
strong support for the ultimate purpose of this paper to
implement an activity recognition system in a smart phone
terminal. We can easily port our trained models seamlessly
to mobile phone projects.
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Figure 11: CNN structure used in our work.
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*is paper will use Pandas and NumPy for related data
processing; use some functions under the scikit-learn
package for machine learning analysis; and Matplotlib is the
suite we use to plot. *erefore, the reader can install these
separately. Of course, for convenience, we can directly install
Anaconda like this article, which integrates many third-
party libraries related to scientific computing, such as
NumPy and Pandas. *e whole process includes four
components, which are data preprocessing, data normali-
zation, data sampling, and saving of data.

6. Experiment and Evaluation

According to the convolutional neural network model
designed in Section 3, we use the function method provided
by TensorFlow to build the network and configure the
corresponding parameters.

6.1. TrainingModel. In order to train the model, we need to
define an index to evaluate the quality of the model. In
general, we define a loss index, the so-called loss to indicate
that the model is bad, and then try to minimize this level of
index.*is paper uses cross entropy as the loss function. We
do not make a detailed derivation of cross entropy but give
its definition as follows:

Hy′(y) � − 
i

yi
′log yi( . (6)

Among them, yi is the predicted probability distribution,
and yi is the actual distribution. In actual implementation,
we compute the code as follows:

cross entropy � −tf .reduce sum Y × tf. log yi( ( . (7)

Among them, y_ corresponds to yi in the above formula,
and Y corresponds to yi in the formula, and cross_entropy is
the cross entropy loss we define.*en, we choose the shaving
descent algorithm to continuously back-propagate and
modify the variable values to reduce costs. In this paper, the
batch size is set to 50, the learning rate is 0.0001, and the
number of iterations is 4 times. Finally, the test result with a
correct rate of 98.24% is obtained. *e reason why we only
need to iterate 4 times to achieve convergence, this article
believes that because of our previous expansion of the data, a
lot of similar data appeared in the training set, which
accelerated the convergence of the network. Imagine if batch
training is performed in the same two batches, the training
effect of one iteration can be equivalent to two.

6.2. Evaluation Model and Parameter Tuning. *is paper
uses the TensorBoard tool to track the changes in the loss
and accuracy values during the training process. From the
change of the two values of our final model, it can be seen
that the loss value we finally got to the model quickly went to
0 during the training process, and the accuracy value was in
the training process quickly reached a level close to 1.
*erefore, it can be judged that the effect of the generated
model is still relatively good.

*e loss in this article uses the cross-entropy loss
mentioned above, which is not repeated here. We introduce
how to obtain accuracy. We can use the tensorflow.argmax
function to give the index value of the maximum data value
of a tensor object in a certain dimension. And labels we
previously changed to one-hot encoding through the pan-
das.get_dummies function, so the label values are all
composed of 0 and 1.*erefore, it can be known whether the
prediction is correct by comparing whether the index of the
predicted label value and the actual correct label value are
the same. *en calculate the proportion of the number of
correct predictions, which is the correct rate of prediction.
*is value is important for model evaluation.

In addition, this paper also uses 3 indicators to evaluate
the quality of the model: F1-score, recall, and precision. *e
higher the recall score, the stronger the model’s ability to
recognize positive samples. *e higher the precision score,
the stronger the model’s ability to distinguish negative
samples. *is shows that the model is more robust. *e
calculation formula of the three indicators is as follows:

P �
TP

TP + FP
,

R �
TP

TP + FN
,

F1 − score �
2P × R

P + R
,

(8)

where P denotes precision and R denotes recall. TP repre-
sents true positive samples, TN represents true negative
samples, FP represents the false positive samples, and FN
represents the false positive samples.

In order to improve the scores of these indicators, this
paper uses the control variable method to compare multiple
groups of experiments and adjust the model parameters. In
the end, after continuous optimization, the three indicators
scored by the model generated by the test using the test set
are that precision is 0.9825, recall is 0.9824, and F1-score is
0.9823. Finally, we applied the model to output the corre-
sponding confusion matrix on the test set. *e so-called
confusion matrix is to use columns to represent the pre-
dicted value that is given by the model according to the
input, and the rows correspond to the ground-truth cate-
gories. *rough the confusion matrix, we can intuitively see
that based on the predictions made by the model, we can
make a better decision on the status of our model. *e
confusion matrix for the test set application to the final
model is given in Table 3.

From the analysis of the confusion matrix, we can
conclude that we made 10608 predictions, of which 187 were
wrong. *ere are 72 errors on the upstairs; the error rate is
4.55%. It can be seen that going upstairs is more likely to be
confused with going downstairs and walking. *ere are 52
errors on the walk; the error rate is 3%. It is shown that
walking is more likely to be confused with going upstairs.
*ere are 51 errors on the running; the error rate is 4.35%.
Running is more likely to be confused with going downstairs
and upstairs.*ere are 12 errors on the downstairs; the error
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rate is 0.67%. *is activity is more likely to be confused with
going upstairs and walk. *e accuracy of sit and stand is
100%. *erefore, it can be concluded that the model is more
accurate in the recognition of standing, sitting, and going
down, while the recognition of going up, running, and
walking is slightly inferior.

7. Conclusion

*is paper starts with data collection, uses convolutional
neural network modeling, and finally transplants the model
back to the mobile phone to complete the activity recog-
nition system. After a series of experiments and tests, we
found that the method of collecting data based on mobile
phone sensors and then training the model through a
convolutional neural network can well complete the task of
activity recognition. In the absence of data, this paper can
finally train a model with an accuracy rate of more than 98%
through some operations on the data, model optimization,
and parameter adjustment.

We verify the practical feasibility of the model by
transplanting it to a real machine test. *erefore, this article
concludes that it is completely feasible to train a convolu-
tional neural network model based on mobile phone sensor
data to complete an activity recognition system, and this
method has great potential.
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