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Abstract: Human activity recognition, tracking and classification is an essential trend in assisted
living systems that can help support elderly people with their daily activities. Traditional activity
recognition approaches depend on vision-based or sensor-based techniques. Nowadays, a novel
promising technique has obtained more attention, namely device-free human activity recognition
that neither requires the target object to wear or carry a device nor install cameras in a perceived
area. The device-free technique for activity recognition uses only the signals of common wireless
local area network (WLAN) devices available everywhere. In this paper, we present a novel elderly
activities recognition system by leveraging the fluctuation of the wireless signals caused by human
motion. We present an efficient method to select the correct data from the Channel State Information
(CSI) streams that were neglected in previous approaches. We apply a Principle Component Analysis
method that exposes the useful information from raw CSI. Thereafter, Forest Decision (FD) is adopted
to classify the proposed activities and has gained a high accuracy rate. Extensive experiments have
been conducted in an indoor environment to test the feasibility of the proposed system with a total
of five volunteer users. The evaluation shows that the proposed system is applicable and robust to
electromagnetic noise.
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1. Introduction

For decades, human activity recognition has been an important area of human-computer interfaces
(HCI). Recent advances in human activity recognition (HAR) and sensing technologies have presented
various ideas aiming to enable novel applications in different areas such as healthcare, security,
and entertainment [1,2]. A huge amount of literature has been presented in this important search field
by using various technologies such as vision-based [3], acoustic-based [4], accelerometer [5], wearable
sensors [6], environment installed sensors [7,8], and smartphones [9].

However, such approaches depend on a special device that may be considered as the main
drawback of these systems, for instance: a vision-based system requires a camera to monitor human
activity, which causes a privacy concern for the target people. Furthermore, the camera is not suitable in
some special places such as a “bathroom”. In a bathroom, the activity monitoring is very important in
special cases such as elderly fall detection because a bathroom is a potential place for falling. Moreover,
the camera cannot traverse through walls. In addition, the camera requires good lighting conditions.
The second type of traditional approach is a sensor-based activity recognition system. Such a type
is inappropriate for human usage because sometimes elderly people may forget to carry or wear
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such sensors. Furthermore, all device-based activity recognition systems whether vision-based or
sensor-based are not free and require expensive installation, maintenance, and more exhaustive work.

The recent trend in HAR is wireless-based sensing technology or so-called device-free activity
recognition that uses only the emitted signals from a wireless transmitter such as wireless local area
network (WLAN) 811.b.n.c. Earlier, Woyach et al. [10] proved that the shadowing effect caused by a
human subject moving in the line-of-sight path between two communicating wireless nodes can be
used for sensing human motion without sensor devices. They supposed that each wireless network
is capable of becoming a sensor network. They observed that the motion of bodies in an indoor
environment leaves a characteristic footprint on signal strength patterns, which may be leveraged for
motion detection. Here, the wireless-based sensing mechanism depends on analysing the collected
radio frequency (RF) data from ubiquitous WLAN routers without sensor nodes such as [11-13] or
RFID tags such as [14,15]. According to this observation, Youssef et al. [16] introduced the concept
of passive device-free human tracking system by leveraging the Received Signal Strength Indicator
(RSSI) from a ubiquitous Wi-Fi router in indoor environments. According to this phenomenon, many
approaches have been presented in various functions such as localization [17], motion detection [18],
and human activity recognition [19].

Most recent, Channel State Information (CSI) of the physical layer of the radio system has been
used in tracking human motion and activity. CSI has attracted more attention in recent years since CSI
can be exported from commodity wireless Network Interface Controller (NIC) [20]. CSI reflects the
varying multipath reflection caused by human motion due to its frequency diversity [21]. CSI is more
stable and has more information than RSSI because CSI is measured per orthogonal frequency-division
multiplexing (OFDM) from each packet, while RSSI is measured by a single value per packet. Therefore,
CSl is more robust to the complex environments [22].

Wu et al. [23] presented a CSl-based localization system known as Fila (fine-grained indoor
localization) by leveraging the fluctuation of CSI across wireless link subcarriers in the well-known
orthogonal frequency diversity multiplexing (OFDM). They extracted CSI from the receiver, and then
applied some signal processing techniques in both time and frequency domain and machine algorithms
to detect the position of an entity. Thereafter, CSI has been leveraged in various applications such as
localizations [24,25], motion detection [26,27], and activity recognition [28-30]. WiFall [29] considered
the abnormal behavior by applying a local outlier factor based algorithm and classifying the fall action
by using a one-class support vector machine (SVM). Wang et al. [30] presented a Wi-Fi based human
activity recognition system by leveraging the CSI of Wi-Fi signals, and they also applied an outlier
factor algorithm across the CSI stream and applied the SVM to classify human action. However, in [22],
only a 1 x 3 Multiple-Input and Multiple-Output (MIMO) system has been leveraged which may not
be enough to track human motion. Moreover, such methods have not extracted the phase information
of CSI. They only leveraged the amplitude information. Moreover, such approaches have not presented
a typical information selection method. By observing the extracted CSI streams, we noticed that each
CSI stream has a different sensitivity to the human motion. Thus, the fluctuation of CSI streams due to
human motion is distinctive in each stream. In some streams, the affection of noise is high. Therefore,
such streams do not have enough fluctuation.

Unlike previous approaches, in this paper, we extract both amplitude and phase information
of CSI. Moreover, we focus on extracting the CSI information in a realistic environment, which
means in the existence of different radio device working in the test area at the same time of the
testing experiments. The surrounding devices cause real noise to the CSI, and such noise cannot be
removed by filtering because such noise affected some CSI streams and distorted the real trend of
them. We observed that CSI streams have a distinctive sensitivity to the human motion. In some
streams, the affection of human motion is less than others, and the affection of surrounding noise is
more than other streams. Therefore, the fluctuation of such streams due to the human motion is not
clear. Previous approaches such as [30] extract CSI from each reported stream, and this may cause
a false detection. Moreover, in some approaches, such as [29], they calculate the mean value of all
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streams, and this also causes a false detection in some tests. Instead, we apply Principal Component
Analysis (PCA) afcross CSI streams to reduce dimensionality and to obtain the real trend of CSL
Thereafter, we extract features from both time and frequency domains of principal components
of CSI. Finally, our system uses Random Forest classification to recognize implemented activities.
Experimentally, we find that the CSI-PCA method promotes the classification accuracy.
Our main contributions can be summarized as follows:

e  We present a device-free activity recognition system, which requires only a ubiquitous Wi-Fi
router, where the user is free and does not need to wear sensors or be monitored by a camera. The
proposed system can classify seven daily activities in line-of-sight (LOS) and none-line-of-sight
(NLOS) scenarios.

e  Unlike previous CSI-based human activity recognition approaches, we extract both CSI amplitude
and phase information, thus providing us with more information.

e  We present an efficient CSI-PCA method to reduce dimensionality and to expose the real trend of
the CSI stream that is caused by human motion.

e  We adopt the Random Forest classification algorithm to classify the proposed activities.

e  We present empirical results of various activities during exhaustive experiments conducted in
a real-word environment and in different scenarios.

The reminder of this paper is organized as follows. In the next section, we describe the system
architecture and methodology. Section 3 shows the experiment setup and the evaluation results.
Section 4 discusses the current CSI-based activity recognition method and highlights the limitation
and challenges. Lastly, Section 5 concludes the paper.

2. System Architecture and Methodology

This section describes the core part of the proposed system. In what follows, we give a detailed
breakdown of our system architecture and implementation. One of the key points of elderly activity
recognition systems based on CSl is to extract the feature of each motion from filtered raw CSI after
applying the PCA algorithm across CSI streams to expose information that we need. Therefore,
our novel system consists of the following modules: the CSI Preprocessing module, Feature extraction
module and Classification module as shown in Figure 1.
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Figure 1. System architecture and work flow.

The CSI preprocessing module carries out some basic processes to extract amplitude and phase
information that we use. An exponential filter is also implemented to filter out electromagnetic
interference caused by 2.4 GHz devices around the testing environment. The main purpose of the
PCA is to reduce dimensionality and to expose the real trend of CSI. Since the speed and duration of
each motion are different, we can obtain a dynamic time window via the analysis of each motion for
extracting features in the latter module. In the last module, we test the classification algorithm on the
training and testing sets.



Sensors 2016, 16, 2043 40f12

2.1. Preprocessing

The proposed system collects radio signals from the fixed access point in the test environment.
Let Ty denote the number of transmit antennas and Ry denote the number of receive antennas.
The received signal at the receiver end is expressed as Equation (1):

Y; = XiCSI; + N;, )

where Y and X represent the Ty dimensional transmitted signal vector and Ry dimensional received
signal vector, respectively, in which i is the number of OFDM subcarriers and N is the noise in each
subcarrier. CSI can be represented as Equation (2):

CSIij =|| CSIij || el“C5h, )

where || CSI;; || is the amplitude and /CSI;; is the phase, in which j is the number of CSI streams.
The measurement of CSI depends on the amplitude and phase of CSI at a time point. If we have
a number of transmitter antennas T and receiver antennas Ry, the CSI of each time point is measured
on 30 OFDM subcarriers reported from Intel Wifi Link IWL 5300 [20]. In this case, the subcarrier
number is 30 in each Ty X Ry stream. In our system, we use a transmitter with two antennas and
a receiver with three antennas; thus, we have 2 x 3 x 30. Overall, we have 180 data points that can
represent CSI in each time point. Thus, CSI can be described as Equation (3):

CSILl CSIL30
CSI = : : + N. 3)

CS 16,1 .. CS 16,30

Many methods can be applied to represent the collected CSI data. Here, to reduce computational
complexity and reduce data dimensions, we use the mean of the 30 subcarriers of each stream as
a vector that represents CSI. Thus, in our system, CSI is measured as six streams. Figure 2 plots CSI of
a fall experiment; as shown in Figure 2a, the collected data still has noise from the neighboring radio
devices. Therefore, we design an exponential filter to remove the noise and obtain the real trends of
CSI streams that were caused because of human activity. Figure 2b shows CSI streams after filtering.
The figure shows that our filter is effective in terms of filtering out the noise.
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Figure 2. Extracted Channel State Information (CSI) streams from fall experiment. (a) Original CSI
streams; (b) CSI streams after exponential filter.
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2.2. Feature Extraction

2.2.1. Principal Component Analysis

The PCA [31] is a useful statistical method leveraged in various forms of statistical analysis such as
biomedical signal processing [32], computer graphics and pattern recognition [33]. PCA helps identify
patterns in the data and express the data in a way that highlights their similarities or differences.
Moreover, PCA can also be used to compress the data by reducing the number of dimensions, without
much loss of information.

The fluctuation of CSI measurements caused by human motion occurs across all the streams
and subcarriers in the wireless channel. The different streams have a distinctive sensitivity to the
fluctuation of CSI due to human motion as shown in Figure 2. To capture the dominant fluctuation of
CSI caused by human activity motion, we apply PCA across all the streams of the raw CSI that were
collected from IWL 5300 NIC and filtered out by the exponential filter. Therefore, for reported CSI
streams, we perform PCA to obtain p principle components, as shown in Figure 3c,d. As shown in
Figure 3c,d, the PCs discover the CSI fluctuation pattern due to human motion clearer than the original
raw CSI (Figure 3a,b). Thereafter, we use the five principal components of both CSI amplitude and
phase as shown in Figure 3 for feature extraction.
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Figure 3. CSI of Walk experiments and Principle Components Analysis (PCA). (a) Original CSI
amplitude; (b) Original CSI phase; (c) Principle Components (PCs) of CSI amplitude; (d) Principle
Components (PCs) of CSI phase.
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2.2.2. Feature Selection

We apply a moving window across CSI principal components (CSI-PCs) to calculate the
following features: (1) normalized standard deviation (STD); (2) median absolute deviation (MAD);
(3) interquartile range (IR); (4) signal entropy; and (5) duration of human motion. Features (1), (2), (3)
expose the differences of different motions in time domain distribution of CSI. Signal entropy reflects
different amounts of information in different motions. Duration is an important and useful feature in
our system, since it varies widely over different actions.

2.3. Classification

We build our prototype with the Random Forest classification method. Random Forest was
invented by Breiman [34], and can be defined as an ensemble of decision trees and is based on
ensemble learning methods for classification and regression. The Random Forest classifier consists
of a collection of single classification trees, in which each tree grows by randomly drawing samples,
with replacement, from the training set. Random Forest (RF) improves the classification performance
of a single-tree classifier by combining the bootstrap aggregating (bagging) method and randomization
in the selection of partitioning data nodes in the construction of decision trees. In [35], the authors
proposed a classification methodology to recognize human motion using acceleration data, different
classes of motions, such as driving a car, being in a train, and walking, by comparing different machine
learning techniques (Random Forests, SVM and Naive Bayes). The authors showed that the Random
Forest algorithm provides the highest average accuracy outperforming the SVMs and the Naive Bayes.
Random Forest classifies a new activity from an input feature vector by putting it onto each of the trees
in the forest. Each tree gives a classification decision by voting for that class. Then, the forest chooses
the classification having the most votes (over all the trees in the forest). Here, we adopt RF to classify
human activities and we find that RF outperforms the popular classification algorithms as described in
Section 4.

3. Evaluation

3.1. Experiments Setup

We implement all the experiments in a laboratory building with a lot of devices working at
2.4 GHz. Multipath signals are very rich in this building. During the experiments, we set the period
of each experiment to 30 s, and the motion happens beginning about 15 s. The packet rate is 100 Hz,
so that we can get enough information of each motion. In order to detect fall from daily life motions,
we test seven motions: walk, sit down, lie, stand up, squat down (i.e., pick up something), fall,
and crawl.

We implemented our system using off-the-shelf devices. The system consists of two devices:
one WiFi access point (AP) which serves as the transmitter and has three transmitter antennas, and one
HP laptop equipped with an Intel WiFi link IWL 5300 802.11n chipset, which serves as a detection
point (DP) and has three receiving antennas. The laptop installed Ubuntu 14.04 with a modified Intel
NIC driver.

The software that was used in our experiments is the open source CSI-Tools presented by
Halperin et al. [14]. After data collection, Matlab software was used to analyze the collected data as
described in methodology section.

We conducted experiments with five different volunteer users aged between 22 to 33 years.
Each volunteer user was asked to implement the activities described in Table 1 individually.

The proposed activities implemented in two scenarios:

1.  LOS scenario: in this scenario, the target user, the detection point (DP) and the access point (AP)
are placed in the same room as shown in Figure 4a.
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2. NLOS scenario: in this scenario, the access point (AP) is fixed in a room where the target user
and the detection point (DP) are placed in another room as shown in Figure 4b.

Table 1. The proposed activity description.

Activity No. Activity

Al Walk
A2 Sit down
A3 Lie

A4 Stand up
A5 Squat down
A6 Fall

A7 Crawl

Figure 4. Experiment environment and settings. (a) Line-of-sight (LOS) scenario; (b) Non-line-of-sight
(NLOS) scenario.

3.2. Results

3.2.1. Evaluation Metrics

We collected 500 samples of each activity from five users divided into five groups. In each group,
100 samples of each activity were collected from five users as 20 samples of each activity per one user
as described in Table 2.

Table 2. Collected samples of each activity in each scenario.

Scenario  Collected Samples No. of Groups Samples per Group  No. of Samples per User in Each Group

Scenario 1 500 5 100 20
Scenario 2 500 5 100 20

Thereafter, we build our classifier in each group with 100 samples of each activity, and we measure
the five-cross validation accuracy. Each user implements the intended activity individually close to
the detection point as shown in Figure 4. It is worth mentioning that, in each group, the users must
implement the proposed activities in a fixed place because CSI values in each location are different.

Figure 5 shows the confusion matrix of the experiment results in both LOS and NLOS scenarios.
Each raw represents an actual class, where each column represents a predicted class. From confusion
matrices shown in Figure 6, the averaged accuracy is 95.43% in LOS and 91.2% in NLOS.
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(a) (b)

Figure 5. The confusion matrices in both LOS and NLOS scenarios. (a) The confusion matrix in an
LOS scenario; (b) the confusion matrix in an NLOS scenario.
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Figure 6. Precision, recall, and F-measure results. (a) The results of precision, recall, and F-measure in
an LOS scenario; and (b) the results of precision, recall, and F-measure in an NLOS scenario.

Moreover, to evaluate the performance of the proposed system, precision, recall, and F1 score
are used to analyze results of the experiments. Precision is the positive predictive value, recall is the
sensitivity, and F1 score or the F-measure is the weighted average of both the precision and the recall.
These three mathematics rules are used as expressed in the following expressions:

. TP
Precision = TP L EP’ 4)
TP
Recull = m, (5)
Bl — o x Precision X recall ©)

precision + recall’

where TP, FP, and FN are the true positive, false positive, and false negative, respectively.
Figure 6 shows the result of the precision, recall and F1 of the proposed seven activities in LOS
and NLOS scenarios.
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3.2.2. Validity of PCA Method

To show the validity of the Principal Component Analysis (PCA) method, we measure the
precision of each implemented activity in both LOS and NLOS scenarios with PCA and without
applying the PCA method. Figure 7 shows that the system precision decreased in cases without the
PCA algorithm. The distinctive sensitivity of the CSI streams leads to false detection in some tests,
so the precision decreased as shown in the figure.
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Figure 7. Comparison of system precision with PCA method and without PCA. (a) Comparison results
in the LOS scenario; (b) Comparison results in the NLOS scenario.

3.2.3. RSSI vs. CSI

It is very important to test the difference between both device-free sensing metrics, namely RSSI
and CSI, since RSSI-based device-free activity recognition systems were adopted earlier. In order to
also prove the superiority of CSI over RSSI, we experimentally compare the proposed seven activities
in LOS scenarios based on RSSI and CSI.

Figure 8 shows the clear superiority of CSI over RSSI. As described above, RSSI is coarse grained,
which is measured by a packet index, where, in CSI measured by OFDM subcarriers, the information
in CSI is more than RSSI, so the environment noise may distort some streams, but CSI still has real
information in other streams.
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Figure 8. Channel State Information (CSI) vs. Received Signal Strength Indicator (RSSI) in an
LOS scenario.
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The main advantage of RSSI over CSI is that RSSI is available in wireless devices, whereas CSI
still obtained only with specific NIC cards such as IWL 5300.

3.2.4. Classification Algorithm Comparison

We compare Random Forest with popular classification algorithms such as Support Vector
Machine (SVM) and Naive Bayesian Classifier (NBC). We test the accuracy of the three classification
algorithms of all the collected data in LOS scenarios. Table 3 shows the average accuracy of each
implemented activity. As shown in the table, the RF algorithm outperforms SVM and NBC algorithms.

Table 3. Accuracy of different classification algorithms in an line-of-sight (LOS) scenario.

Activity RF SVM NBC

Al 098 0.95 0.90
A2 095 091 0.82
A3 093 0.88 0.79
A4 097 0.92 0.83
A5 094 086 0.85
Ab 095 0.93 0.80
A7 096 0.89 0.84

Overall results showed the validity and stability of our proposed system. The second stage of this
system is to extend it to classify all potential human activities and to test multiple people activities at
the same time. An important issue to be addressed in the future work is to test human activity in case
of interference of moving objects in the test area.

4. Discussion

In this paper, the proposed human activity recognition system is motivated by a need for
decreasing the installation complexity and development costs induced by the traditional device-based
activity recognition systems. As described above, the proposed system can recognize seven daily
activities by analyzing the channel state information of Wi-Fi signals with only a ubiquitous
Wi-Fi router as an access point and a laptop as a detection point. As mentioned in the results
section, the system has gained a high accuracy rate that justified the validity and stability of
the proposed methodology.

The device-free CSI-based sensing technique is a promising technique, which may go far in the
future. However, there are three main challenges for further study. Here, we highlight such challenges
as the following:

1. The presence of moving objects in the test area. This is a complex challenge since CSI is very
sensitive to an object’s motion, especially if the moving object is a big object like a big pet (i.e., dog).

2. Since a device-free concept means no need for using special devices in the monitored area or on
the perceived object body, it is a challenge to detect two or more human actions at the same time.
The solution of such a problem depends on more improvement to the wireless sensing technique.

3. CSI outperforms RSS in tracking human motion and activity classification since CSI has a unique
capability to eliminate multipath effects and is more robust to environmental changes due to the
fact that CSI has more information than RSS since CSI measured per OFDM subcarrier while
RSS measured per packet. However, CSI can be obtained only on specific hardware such as IWL
5300 NICs. Thus, it is not appropriate to be utilized in many devices such as tablets and smart
mobile devices. Such a limitation needs more development in receiver antenna hardware.

By solving such challenges, the device-free wireless-based sensing technology will be generalized
and be available to track human motion and activity. We plan to solve the first and second challenges
in our next stage of study, whereas the third challenge needs a manufacturing solution.
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5. Conclusions

In this paper, we have presented a device-free activity recognition system using the CSI of Wi-Fi
signals. We have extracted the amplitude and phase information from the CSI of Wi-Fi signals. We have
designed a low-pass filter to remove the electromagnetic noise to obtain the real trend of CSI caused by
human motion. To reduce CSI dimensionality and to choose useful information across all CSI streams,
we have used the PCA algorithm, and used PC vectors to be CSI representatives. Thereafter, we have
extracted features from PCs that were labeled as inputs to the classification algorithm. The Random
Forest algorithm has been adopted to classify the proposed activities. We have experimentally
conducted our system in two different scenarios with several volunteers. The results have verified the
validity of our system in both the LOS and NLOS scenarios as 95.43% and 91.4%, respectively.

Acknowledgments: All of this work is sponsored by the National Natural Science Foundation of China with
Grant No. 61373042, and by the Natural Science Foundation of Hubei Province under Grant 2014CFB880.

Author Contributions: Fangmin Li and Mohammed Abdulaziz Aide Al-qaness initiated and discussed the research
problem; Xidao Luan and Bihai Zhao did the project management, obtained all of the materials, and helped
with analysis and dissemination of the project results. Mohammed Abdulaziz Aide Al-qaness, and Yong Zhang
performed the experiments and recorded figures; Fangmin Li and Mohammed Abdulaziz Aide Al-qaness analyzed
the data; and Mohammed Abdulaziz Aide Al-qaness prepared and wrote the paper. All authors have read and
approved the paper.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Lara, O.D.; Labrador, M.A. A survey on human activity recognition using wearable sensors. [IEEE Commun.
Surv. Tutor. 2013, 15, 1192-1209.

2. Chen, L.; Hoey, J.; Nugent, C.D.; Cook, D.J.; Yu, Z. Sensor-based activity recognition. IEEE Trans. Syst. Man
Cybern. Part C 2012, 42, 790-808.

3.  Siddigi, M.H.; Ali, R,; Rana, M.S.; Hong, E.K; Kim, E.S.; Lee, S. Video-based human activity recognition using
multilevel wavelet decomposition and stepwise linear discriminant analysis. Sensors 2014, 14, 6370-6392.

4. Sim, ].M,; Lee, Y.; Kwon, O. Acoustic sensor based recognition of human activity in everyday life for smart
home services. Int. . Distrib. Sens. Netw. 2015, 11, 24.

5. Torres-Huitzil, C.; Alvarez-Landero, A. Accelerometer-based human activity recognition in smartphones for
healthcare services. Mob. Health 2015, 5, 147-169.

6. Attal, F; Mohammed, S.; Dedabrishvili, M.; Chamroukhi, E; Oukhellou, L.; Amirat, Y. Physical human
activity recognition using wearable sensors. Sensors 2015, 15, 31314-31338.

7. Vidales, V.P; Batista, V.L.; Mohamad, M.S. A multiagent system to assist elder people by TV communication.
ADCAIJ Adv. Distrib. Comput. Artif. Intell. |. 2014, 3, 10-16.

8.  Delalglesia, D.H.; Gonzalez, G.V.; Barriuso, A.L.; Murciego, A.L.; Herrero, J.R. Monitoring and analysis of
vital signs of a patient through a multi-agent application system. ADCAIJ Adv. Distrib. Comput. Artif. Intell. ].
2015, 4, 19-30.

9. Shoaib, M.; Bosch, S.; Incel, O.D.; Scholten, H.; Havinga, PJ. A survey of online activity recognition using
mobile phones. Sensors 2015, 15, 2059-2085.

10. Woyach, K.; Puccinelli, D.; Haenggi, M. Sensorless sensing in wireless networks: Implementation and
measurements. In Proceedings of the 4th International Symposium on Modeling and Optimization in Mobile,
Ad Hoc and Wireless Networks, Boston, MA, USA, 3-6 April 2006; pp. 1-8.

11. Hu, Y; Dong, M.; Ota, K,; Liu, L.; Guo, M. Mobile target detection in wireless sensor networks with adjustable
sensing frequency. IEEE Syst. J. 2016, 10, 1160-1171.

12. Dong, M.; Ota, K,; Liu, A. RMER: Reliable and energy efficient data collection for large-scale wireless sensor
networks. IEEE Int. Things . 2016, 3, 511-519.

13.  Zhang, Q.; Liu, A. An unequal redundancy level based mechanism for reliable data collection in wireless
sensor networks. EURASIP ]. Wirel. Commun. Netw. 2016, 2016, 258, doi:10.1186/s13638-016-0754-6.

14. Shangguan, L.; Li, Z,; Yang, Z.; Li, M,; Liu, Y.; Han, J. OTrack: Towards order tracking for tags in mobile
RFID systems. IEEE Trans. Parallel Distrib. Syst. 2014, 25, 2114-2125.



Sensors 2016, 16, 2043 12 of 12

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.
32.

33.

34.
35.

Shangguan, L.; Yang, Z.; Liu, A.X.; Zhou, Z.; Liu, Y. Relative localization of rfid tags using spatial-temporal
phase profiling. In Proceedings of the 12th USENIX Symposium on Networked Systems Design and
Implementation (NSDI 15), Oakland, CA, USA, 4-6 May 2015; pp. 251-263.

Youssef, M.; Mah, M.; Agrawala, A. Challenges: Device-free passive localization for wireless environments.
In Proceedings of the 13th Annual ACM International Conference on Mobile Computing and Networking,
Montreal, QC, Canada, 9-14 September 2007; pp. 222-229.

Du, Y; Yang, D.; Xiu, C. A Novel method for constructing a WIFI positioning system with efficient manpower.
Sensors 2015, 15, 8358-8381.

Kosba, A.E.; Saeed, A.; Youssef, M. Rasid: A robust wlan device-free passive motion detection system.
In Proceedings of the IEEE International Conference on Pervasive Computing and Communications
(PerCom), Lugano, Switzerland, 19-23 March 2012; pp. 180-189.

Gu, Y,; Quan, L.; Ren, F. Wifi-assisted human activity recognition. In Proceedings of the IEEE Asia Pacific
Conference on Wireless and Mobile, Bali, Indonesia, 28-30 August 2014; pp. 60-65.

Halperin, D.; Hu, W.; Sheth, A.; Wetherall, D. Tool release: Gathering 802.11n traces with channel state
information. ACM SIGCOM Comput. Commun. Rev. 2011, 41, 53.

Bhartia, A.; Chen, Y.C; Rallapalli, S;; Qiu, L. Harnessing frequency diversity in Wi-Fi networks.
In Proceedings of the 17th Annual International Conference on Mobile Computing and Networking
(MobiCom), Las Vegas, NV, USA, 19-23 September 2011; pp. 253-264.

Yang, Z.; Zhou, Z.; Liu, Y. From RSSI to CSI: Indoor Accuracy rate localization via channel response.
ACM Comput. Surv. (CSUR) 2013, 46, 25.

Wu, K; Xiao, J.; Yi, Y.; Gao, M.; Ni, L.M. Fila: Fine-grained indoor localization. In Proceedings of the IEEE
INFOCOM, Orlando, FL, USA, 25-30 March 2012; pp. 2210-2218.

Xiao, J.; Wu, K.; Yi, Y.; Wang, L.; Ni, L.M. Pilot: Passive device-free indoor localization using channel
state information. In Proceedings of the 33rd International Conference on Distributed Computing Systems
(ICDCS), Philadelphia, PA, USA, 8-11 July 2013; pp. 236-245.

Chapre, Y.; Ignjatovic, A.; Seneviratne, A.; Jha, S. CSI-MIMO: Indoor Wi-Fi fingerprinting system.
In Proceedings of the IEEE 39th Conference on Local Computer Networks (LCN), Edmonton, AB, Canada,
8-11 September 2014; pp. 202-209.

Gong, L.; Yang, W.; Man, D.; Dong, G.; Yu, M.; Lv, ]. WiFi-based real-time calibration-free passive human
motion detection. Sensors 2015, 15, 32213-32229.

Liu, J.; Wang, Y.; Chen, Y,; Yang, J.; Chen, X.; Cheng, J. Tracking vital signs during sleep leveraging
off-the-shelf wifi. In Proceedings of the 16th ACM International Symposium on Mobile Ad Hoc Networking
and Computing, Hangzhou, China, 22-25 June 2015; pp. 267-276.

Wang, Y.; Liu J.; Chen, Y.; Gruteser, M.; Yang, J.; Liu, H. E-eyes: Device-free location-oriented activity
identification using fine-grained wifi signatures. In Proceedings of the 20th Annual International Conference
on Mobile Computing and Networking, Maui, HI, USA, 7-11 September 2014; pp. 617-628.

Han, C.; Wu, K.; Wang, Y.; Ni, L.M. WiFall: Device-free fall detection by wireless networks. In Proceedings
of the IEEE INFOCOM, Toronto, ON, Canada, 27 April-2 May 2014; pp. 271-279.

Wang, Y,; Jiang, X.; Cao, R.; Wang, X. Robust indoor human activity recognition using wireless signals.
Sensors 2015, 15, 17195-17208.

Shlens, J. A tutorial on principal component analysis. arXiv 2014, arXiv:1404.1100.

Castells, F,; Laguna, P.; Sornmo, L.; Bollmann, A.; Roig, ].M. Principal component analysis in ECG signal
processing. EURASIP |. Appl. Signal Proces. 2007, 1, doi.10.1155/2007 /74580.

Jain, A.K.; Duin, RP.W.; Mao, J. Statistical pattern recognition: A review. IEEE Trans. Pattern Anal. Mach. Intell.
2000, 22, 4-37.

Breiman, L. Random forests. Mach. Learn. 2001, 45, 5-32.

Bedogni, L.; Di Felice, M.; Bononi, L. By train or by car? Detecting the user’s motion type through smartphone
sensors data. In Proceedings of the 2012 IFIP Wireless Days (WD), Dublin, Ireland, 21-23 November 2012;

pp- 1-6.

@ © 2016 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC-BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	System Architecture and Methodology
	Preprocessing
	Feature Extraction
	Principal Component Analysis
	Feature Selection

	Classification

	Evaluation
	Experiments Setup
	Results
	Evaluation Metrics
	Validity of PCA Method
	RSSI vs. CSI
	Classification Algorithm Comparison


	Discussion
	Conclusions

