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Abstract—Healthcare professionals, industry, and academics have all re-
cently expressed a strong interest towards WiFi sensing. These techniques could
be used to identify critical occurrences that sensitive persons may suffer, such as
falls, sleep abnormalities, wandering behavior, respiratory illnesses, and irregular
heart activity. In this paper, we propose a low-cost, non-intrusive method to re-
motely monitor elderly people without deploying devices on their bodies in a
given space, using channel state information (CSI) from passive WiFi detection.
Specifically, we monitored variables such as sitting and standing activity, and
experimental validation in practical situations with variable occupants, various
environmental settings, and interference from other WiFi devices demonstrates
robustness and scalability. Our results suggest that the proposed method can be
put into practical-real use to detect activity and alert emergency personnel imme-
diately, providing rapid medical assistance, saving lives, minimizing damage,
and reducing anxiety for elderly people residing alone.

Keywords—WiFi sensing, CSI, off-the-shelf WiFi device, elderly people moni-
toring, multi-environment

1 Introduction

Modern society is increasingly concerned about an aging population, higher rates of
obesity, cardiovascular disease, depression and mental health problems, and increasing
healthcare needs. As a result, there are currently serious financial and resource limita-
tions on the provision of healthcare around the world [1]. The proportion of people aged
65 years old to the general population will increase, reaching 35% in 2030. In 2030,
there will be one billion people aged 65 in the entire world [2]. The vast majority of
elderly people practice self-care mostly in their own homes. Every year, one in three
elderly people will fall. This can lead to injuries, a worse quality of life, and, sadly, it
is one of the main causes of mortality in this age group [2], [3].

In healthcare applications, sensing and monitoring systems could provide people the
ability to identify long-term daily activities as well as vital sign changes, all within the
intimacy of their homes. Simple, long-term, continuous health monitoring in the daily
home environment allows for the recording of disease symptoms as well as physiologic
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decline which cannot be identified in a brief formal clinical visit. Such systems of mon-
itoring could be utilized for behavioral monitoring, involving mental health as well as
emotional states, and they can be integrated with deep learning. Smart homes can use
this information to facilitate daily lives [4], [5].

802.11 (WiFi)-based activity sensing is one of the sensing technology utilized in
modeling human activity that is receiving significant attention from researchers due to
the practical benefits provided through its ubiquitous nature as well as its robust signal
coverage in homes and urban environments more broadly. In addition, the technology's
unobtrusiveness and inability to generate an image of a person are advantages when it
comes to privacy, which is a major issue for numerous users [6], [7].

The properties of the communication channel are impacted by a person's (static or
moving) presence inside the WiFi signal environment, such as by expanding propaga-
tion pathways, attenuating the signal, causing a frequency shift, etc. This results in time-
varying characteristics that correspond to body movements or physical gestures in real
time. Channel Status Information (CSI) are widely used for describing the propagation
characteristics of the signal, including distortion brought by human activity. This has
inspired research into the use of CSI data obtained from common network cards or
specialized systems to analyze various forms of human behavior by understanding the
patterns of wireless signals [8], [9].

Recent research has explored various sensing technologies for monitoring the activ-
ities of elderly individuals. While these studies have made significant contributions to
the field, they have certain limitations such as the need for wearable devices or expen-
sive smart home platforms. In this study, we propose a WiFi sensing-based approach
that overcomes these limitations and offers a low-cost and unobtrusive means of mon-
itoring elderly individuals in their homes.

With this motivation, in this paper, a WiFi sensing based approach to monitor the
activities of elderly people is proposed. In accordance to theoretical analysis and obser-
vation of CSI through multiple experiments in various environments and conditions
(LOS/NLOS), CSI features are used to identifying activity of elderly people. The main
contributions of this paper are as follows:

e We are investigating the potential of using passive Wi-Fi sensing with a low-cost
commercial WiFi card (Intel 5300) to monitor the elderly without a device.

e The design of a unique WiFi-based system for monitoring elderly people is pro-
posed.

e We study wireless signal characteristics impacted by elderly people.

e The proposed approach is implemented as a prototype system.

e Experiments are conducted for validating performance of proposed approach in dif-
ferent environments and in LOS and NLOS conditions.

The structure of this paper is outlined as follows: Section II presents the background
information and describes technical details. Section III presents the design details, gen-
eral system architecture and methodologies. Section IV describes the experimental en-
vironment, hardware/software configuration, implementation and evaluation. Finally,
conclusions and future work are given in Section V.
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2 Background

In this section, the necessary background information is presented to provide context
for their research. Each subsequent subsection offers valuable insights that contribute
to a comprehensive understanding of the study.

2.1  Channel State Information (CSI)

In wireless communication, channel state information (CSI) is an estimation of a
communication link's channel characteristics. CSI describes the physical environment's
impact on wireless signal propagation, including reflections, diffractions, and scattering
[10]. Modern WiFi devices follow to the IEEE 802.11n/ac standard and use Orthogonal
Frequency Division Multiplexing (OFDM) [11] at the physical layer, which allows for
numerous transit and receive antennas for MIMO communication. The channel is di-
vided into many subcarriers using OFDM, and data is conveyed over the subcarriers
using the same modulation and coding technique. This division of the channel into sub-
carriers enables OFDM to resist the frequency selective fading brought on by multipath.
Each subcarrier experiences separate flat fading as a result of being smaller than the
coherence bandwidth. In this manner, the impact of multipath on various subcarriers
can be considered of as mostly uncorrelated.

For OFDM subcarriers, the CSI information is used to represent both signal strength
and phase data. The received signal can be mathematically expressed as:

y=HXx+n, (1)

Where y denotes the received signal, x is the transmitted signal, n is the channel
noise, and H represents the CSI, which is a complex number matrix indicating the chan-
nel frequency response (CFR) for each subcarrier in each spatial stream.

Accurately estimating the CSI is crucial for reliable wireless communication. How-
ever, estimating the CSI is a challenging task due to various factors such as noise, in-
terference, and hardware/software faults. Channel estimation algorithms play a vital
role in estimating the CSI by extracting meaningful information from the received sig-
nal. These algorithms use techniques such as least-squares estimation and maximum
likelihood estimation to estimate the channel response. Inaccurate CSI estimation can
lead to errors in signal transmission, which can result in poor communication perfor-
mance. Therefore, the development of robust and efficient channel estimation algo-
rithms is essential for improving the reliability and performance of wireless communi-
cation systems [12], [13].

Recent advancements in OFDM technology include the use of multi-user MIMO
(MU-MIMO) and beamforming techniques. MU-MIMO allows multiple users to sim-
ultaneously transmit and receive data over the same frequency band, increasing the sys-
tem's overall throughput. Beamforming techniques enable the system to focus the trans-
mitted signal on a specific user or group of users, reducing interference and improving
signal quality. These advancements are being incorporated into the latest IEEE
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802.11ax (WiFi 6) and IEEE 802.11be (WiFi 7) standards, which offer improved per-
formance and efficiency over previous standards. However, the accurate estimation of
CSI remains crucial for the reliable operation of these technologies [14], [15], [16],
[17].

The subcarrier level signal spectrum is captured by the OFDM receiver and includes
amplitude attenuation and phase shift using complex numbers. These estimates can be
illustrated as follows:

H; = |H;|e/ < ()

Where the amplitude and phase information of the i** subcarrier are represented by
|H;| and £H;, respectively. The transmitter delivers Long Training Symbols (LTS),
which include pre-defined information (symbols) for each subcarrier in the packet pre-
amble, in order to measure the CSI. Where LTS are received, the WiFi receiver calcu-
lates the CSI using the received signal and the original LTS. However, the CSI in real-
world systems is impacted by multi-channel, receiver/transmitter processing, hardware
as well as software faults [18].

By providing information on the channel characteristics of a wireless communica-
tion link, including signal strength and phase data for each subcarrier within each spatial
stream, the Channel State Information (CSI) allows the communication system to adapt
to the current channel conditions. This adaptation ensures high reliability and high data
rates in multi-antenna systems, as it enables the system to account for physical spatial
environments, such as objects or human bodies, that can impact wireless signal propa-
gation and communication performance. The CSI Value ensures high reliability and
high rate communication in multi-antenna systems by allowing the communication sys-
tem to adapt to the current channel conditions. The size of the matrix is built in three
dimensions using N transmitter antennas, M receiver antennas, and K subcarriers for
MIMO and OFDM technologies. According to Figure 1, the CSI packet was transmitted
as N X M x K with packet index t. Wireless signal propagation performance will re-
veal the physical spatial environment, which includes any object or human body, by
both the direct path as well as the multiple reflection paths.
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Fig. 1. CSI matrices of MIMO-OFDM channels [18]
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In addition to IEEE 802.11n/ac, a new wireless standard, IEEE 802.11bf, is currently
under development and utilizes WiFi sensing for WLAN detection. IEEE 802.11bf lev-
erages the Channel State Information (CSI) to detect the presence of people, objects,
and movements by exploiting the Doppler shifts in wireless signals [19]. While our
research focuses on the use of CSI for elderly monitoring using existing IEEE 802.11n
technology, the insights gained from our study can be applied to the future implemen-
tation of IEEE 802.11bf for improved wireless sensing in smart environments. The use
of CSI in IEEE 802.11bf will be crucial for the implementation of advanced signal
processing techniques such as precoding and interference cancellation, which can en-
hance the system's overall performance. Challenges remain in using CSI for these ap-
plications, including dealing with noise and interference that affect the CSI measure-
ments and developing effective signal processing algorithms to extract meaningful in-
formation from the CSI data. The future implementation of IEEE 802.11bf for WLAN
detection using CSI has the potential to revolutionize the way we use wireless networks
for smart environments and the Internet of Things (IoT) [20], [21].

2.2 Identification of LOS and NLOS in real time

Line-of-sight (LOS) propagation, which is a property of electromagnetic radiation
or acoustic wave propagation, describes waves that travel in a straight line from the
source to the receiver. Straight-line light emissions are also transmitted electromagneti-
cally. The atmosphere and physical impediments may diffract, refract, reflect, or absorb
the rays or waves, which means they normally cannot cross the horizon or pass through
solid obstructions.

The wireless signal is received after scattering, diffraction, and reflection when the
transmitter and receiver have no obvious path to one another because of objects like
furniture, walls, and other obstructions. Time delays, phases, and amplitudes vary ac-
cording on the chosen route. This is known as NLOS (Non-line-of-sight). It refers to
radio transmissions over a partially obstructed path, often by a physical object in the
innermost Fresnel zone. [22]. As illustrated in Figure 2, there are many NLOS paths
mixed in with the LOS path between transmitter and receiverl and obstructions be-
tween transmitter and receiver2.

p LOS path LOS path blocked

\ D :
Receiverl < 1 \—P ------------------------------------ > Receiver2
- 4 )

Case 1:LOS condition Case 2:NLOS condition

Fig. 2. Shows an illustration of LOS/NLOS conditions and multipath [22]
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3 System design and methodology

In this section, the economic study is described, an overview of our system design is
presented, and then each component of the system is detailed as well as the processing
methodology.

3.1 Costs WiFi device platform

Most homes and hospitals have WiFi infrastructure in place to allow the collection
of CSI data. Although it may be easily implemented in a hospital or home without WiFi
infrastructure using two COTS WiFi device, as a laptop with Intel WiFi Link 5300
(IWL 5300) 802.11n network cards. While WiFi range extensions as well as supple-
mental WiFi devices can be used depending on size of the hospital or residence, the
cost is still relatively low. For example, if we needed to install 6 pairs of WiFi device
for covering all the hospital or residence, cost would be less than $300 when taking into
account the cost of a receiver (Intel 5300 card), which costs $10, and a WiFi access
point transmitter, which costs about $40. As opposed to this, wearable monitoring tech-
nologies require each individual to wear their own sensor, which costs $200 apiece and
may require a monthly subscription. If 10 sensors are required, the cost will be $2,000,
significantly higher as compared to our designed system.

3.2  System overview

With the use of variations in the correlation between CSI sequence frames that are
influenced by human movement, our system aims to monitor elderly people. When
there are periods of greater fluctuation, it may be determined that the subject's move-
ments have an effect on the RF environment. It is possible to monitoring elderly people
by measuring this.

As illustrated in Figure 3, the system can be divided into three main sections. The
first section involves collecting data using the CSI hardware and either delivering it to
the system as a batch or buffering it on a real-time system. The second section includes
pre-processing the data to remove errors and noise, while the third section involves
feature extraction to retrieve appropriate patterns from the pre-processed data.
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Experimental Device Data Preprocessing Activity Monitoring

Standing Sitting

Fig. 3. Overview of system design

33 CSI collection

Device architecture. According to equation (1), to estimate the CSI, a transmitter
(Tx) must send a pilot signal to a receiver (Rx), and the CSI must then be calculated.
The receiver estimates CSI using a signal which is often a ping packet that is sent from
Tx to Rx. The Linux 802.11n CSI tool [23] based on the Intel 5300 network interface
card (NIC) is a tool available for this collecting. Figure 4 shows the configuration of
device used for data collection.

[ ]
M Y

AP/TxX 2,4 Ghz 802.11n WiFi Client/Rx
30 OFDM subcarriers over 20 MHz

Fig. 4. CSI collection illustration

In this architecture, Tx and Rx have dedicated continuous transmission, and Rx will
estimate CSI over incoming packets. This reduces hardware, computational as well as
power costs. In COVID 19 pandemic context, a low installation cost solution is desired.

Comparison of the LOS and NLOS modes. The effects of various human positions
on performance of the system is studied as described below:

e LOS mode: this mode, the person is in a straight line between Tx and Rx, as shown
in Figure 5(a).
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e NLOS mode: In this mode, the person is not on a straight line but rather somewhere
between Tx and Rx. The predicted distance between a person's body and the line that
connects the antenna and the receiver is 1 m, as shown in Figure 5(b). We chose a
distance of 1 meter for the NLOS scenarios, which is a commonly used distance in
literature for typical indoor environments (e.g., [24]).

(a) Light of sight (b) Non light of sight
Fig. 5. Illustration of LOS and NLOS mode. (a) Light of sight, (b) Non light of sight

3.4  Preprocessing of WiFi CSI data

Despite using the best possible equipment and configuration to collect CSI data, it
can contain a significant amount of noise and raw information that cannot be utilized
directly. This noise is caused by both environmental factors and reflected radio waves,
as well as potential hardware and software errors. Therefore, data preprocessing is a
crucial step in building a stable and accurate model for recognizing human activity
based on WiFi CSI data.

Subcarrier selection. To collect the data, we used an Intel 5300 network card, and
the data was stored in a .data file. The connection diagram used for the collection of the
subcarrier data is shown in Figure 6. During the process of establishing the connection,
the receiver (Rx) sent Internet Control Message Protocol (ICMP) echo request packets
to the transmitter (Tx). Once the connection was established, the receiver received
ICMP echo reply packets.

N Y

é 4— 1.Sending ICMP echo request packages ——

AP/Tx

—— 2. Receiving ICMP echo reply packages —» Client/Rx

WiFi Router with Desktop with Linux, NIC
802.11n 5300 and CSI Tool

Fig. 6. Connection diagram used for the collection of subcarrier data
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We import the data into MATLAB [25]. Further details are given in the next section
(3.5). We compare the changes of three different antennas in standing and sitting activ-
ities of the elderly. We can see that the second antenna has clear fluctuations over time,
i.e., it can better reflect standing and sitting activities. Figure 7 shows an example of
the variation of the amplitude of the Channel State Information (CSI) on 30 subcarriers
of the three antennas over time.

Amplitude(dB)

O 10 200 30 40 SO G0 700 B0 900 1000 0 10 200 3 w0 S0 60 70 B0 %00 1000
Timeis) Time(s)

{3) Antenna 1 (b} Antenna 2

0 100 20 300 400 S0 60 70 B0 SO0 1000
Time(s)

(€) Antenna 3

Fig. 7. Shows CSI amplitude on 30 subcarrier of the three antennas. (a) Antenna 1, (b) An-
tenna 2, (c) Antenna 3

In addition, the subcarriers of a certain sequence number of the three antennas can
be compared. Figure 8 shows an example of CSI amplitude over time for the third sub-
carrier of the three antennas. We observe that the amplitude of the third subcarrier for
the three antenna has a different sensitivity caused by the activity due to frequency
diversity. Furthermore, we can select a certain antenna and subcarrier for observation,
Figure 9 shows an example of the CSI amplitude over time for the second antenna and
the third subcarrier.
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Fig. 8. Shows CSI amplitude for the third sub- Fig. 9. Illustration of CSI amplitude for the

carrier of the three antennas second antenna and third subcarrier

Outliers removal technique. Amplitudes and phases of the CSI contain noise pro-
duced by internal state changes, including power transmission, rate adaptations, thermal
noise in devices, etc. It changes the signal and contains erroneous values which are not
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caused by human presence. Denoising the data is therefore the following step after im-
porting the original data. There are several different noise reduction techniques, which
include combining different filters to extract the desired time domain or frequency do-
main information. The most obvious outliers should be eliminated first. We apply the
most commonly used Hampel outlier filter to address this issue [26]. We can observe
from the denoising results in Figure 10 that the CSI waveform is smoother after filtering
than the original waveform. Additionally, there are less local burrs.

ﬂi‘w‘ !
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0 10 200 300 400 S0 G0 TOD B0 00 1000
Timeis)

0 10 20 300 200 50 B0 700 B3 90D 1000
Timais|

{a) antenna (¢) Antenna 3

Fig. 10. Illustration of denoising amplitude of the third subcarrier for all antennas. (a) Antenna
1, (b) Antenna 2, (c) Antenna 3

After removing the outliers, we then use various high-performance filters and time-
frequency transformation methods to filter out the high-frequency noise.

Noise reduction based on Discrete Wavelet Transform. In order to enhance the
reliability of CSI values within time series, we apply noise reduction to reduce the im-
pact of external factors such as frequent changes in transmission speeds or changes in
the external environment. To achieve this, we use the discrete wavelet transform
(DWT) to remove high-frequency noise that is not related to the target activity. The
DWT is a signal processing technique that provides optimal time/frequency resolutions
and multi-scale analysis of the data.

Specifically, the DWT decomposes a signal into different frequency bands using
wavelet analysis and represents the decomposition using a tree structure. By removing
the high-frequency noise using DWT, we can ensure that the remaining CSI values are
more accurate and reliable. Figure 11 illustrates the efficiency of noise reduction by
DWT. Notably, wavelet denoising is computationally efficient because it is linear in
time complexity and does not assume signal continuities [24].

Dimensions reduction with Principal Component Analysis. The CSI signal ob-
tained by the CSI tool within the 802.11n protocol contains both amplitude and phase
information of each sampling subcarrier, totaling 30 subcarriers of sampling. However,
processing raw CSI measurements can be computationally intensive, and we are re-
quired to compress the obtained large amount of CSI information in a short period of
time.

To address this issue, we use Principal Component Analysis (PCA) to perform di-
mension reduction. PCA is an algorithm that combines and compresses the variance in
the data, allowing us to extract the data components that are rich in information. Spe-
cifically, PCA utilizes orthogonal transformation to transform a matrix into a group of
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principal components. These principal components are a collection of variables that are
linearly uncorrelated, while the input is a group of variables that may be correlated [18].
The variance of the principal components is used to measure the informational content
of the data. By using PCA to compress the data, we can greatly decrease the amount of
data without sacrificing important information.

In our case, we are dealing with a pattern recognition problem, and we aim to keep
as much environmental information in the CSI as possible. However, we cannot simply
select some carrier signals for judging, as the environmental information weights re-
flected by various carriers in different environments are diverse and dynamically
changing. The fading of some carriers can also make the abrupt changes in environ-
mental information that other carriers respond to less noticeable. Thus, simply super-
imposing all the carrier signals or averaging them is not a feasible solution.

To address this challenge, we use PCA to extract the most informative components
of the CSI signal, which are then used for pattern recognition. Figure 12 illustrates the
principal component analysis (PCA) for CSI dimension reduction.
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Fig. 11. Illustration of CSI amplitude of sub-  Fig. 12. Illustrates the principal component
carrier three and antenna 2. (a) Original CSI,  analysis (PCA) for CSI dimension reduction
(b) Denoised CSI with DWT

3.5 Processing techniques

Before using the CSI values included in the .dat files, the data had to be preprocessed
following the procedures described on the CSI Tool website [27]. The preprocessing of
the CSI data is performed according to the following procedures:

Import data into MATLAB. The CSI data is imported in MATLAB cells for anal-
ysis using a toolkit named linux-8021 1n-csitool-supplementary supplied by the WiFi
CSI tool.

CSI inspecting and normalizing. To extract channel state matrices stored in a .dat
file, we utilized the read bf file function provided by the linux-80211n-csitool-supple-
mentary. The code used was as follows: “csi_trace = read bf file('file.dat')”, which
returns a 1x1000 cell array consisting of 1000 structs, each containing CSI information
for a received packet (as depicted in Figure 13 (a)). To access a particular CSI entry,
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we used the code “csi_entry = csi_trace{1}”, which yielded a structured array with
multiple entries (Figure 13 (b)). The channel state matrix for the current frame was
stored in the "csi" label. However, the CSI values in the matrix were normalized to
Intel's internal reference and required conversion to absolute units. This conversion was
performed using the get_scaled csi function, also included in the linux-8021 In-csitool-
supplementary package. Specifically, the code “csi = get scaled csi(csi_entry)” was
used, which resulted in the normalized CSI values being converted to absolute units
(Figure 13 (c)).

csi_trace

1] 10004 <el
Wwoedeel csi_trace(5, 1]

csi_trace{5, 1}

Field Value
[ timestamp_low ~ 1.6967e+09
[ bfee count

[ e 3
Name [ N 2
0 esitrace T s 38
[ rssicb ES
I rssic k!
[ noise 81
[ age 2
[H perm 2131
[ rate 1
s 2

(a) esi_trace

csi

£ 2:3:30 complex double
csi_entzy =

struct with fields: val:,:,1) =

timestamp low: 1.6966e+08 -13.2254 - ¢.0251i -12.6503 + 2.6252i  2.3001 + 2.0502i
bfes counc: 1 -11.5003 -11.5003i 5.7502 +24.1507i 0.5750 +16.67551
3

val(:,:,2) =

-12.0753 + £.200%i -1.1500 +18.4005i 7.4752 + 2.8751i
-16.6755 = 1.7250i 24.7257 + 9.7753i 14.375¢ +10.3503i

val(:,:,3) =

csi: [2x3x30 double]
-1.1500 +17,25051 13.2254 +13.22541  6.9002 - 3.45011
-9.2003 +16,10041 25.8757 -15.52541 18,9755 - 6.32521

(b) csi_entry (data stored on & package received) (c) €SI normalization

Fig. 13. Processing technique. (a) csi_trace, (b) csi_entry (data stored on a package received),
(c) CSI normalization

The CSI variable obtained by this method was a 3 X 2 X 30 matrix with positive
values that reflected the MIMO channel state for this frame. These CSI matrices values
were utilized to determine the features.

Defining filters. We need reduce the noise in the raw CSI data because it is ex-
tremely high. The techniques we discussed above will be used to minimize the noise.

4 Experiment and analysis

In this section, we describe the environment in which the experiment is performed,
the details of the hardware and software configuration and the experimental results,
following by a detailed performance evaluation of the proposed approach.
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4.1 Experimental environment

The experiments are conducted in two different environments and their dimensions

and parameters, as shown in Table 1:

Table 1. Summary of experiment parameters [28]

Characteristics and parameters Environment
Laboratory Office

Dimensions 8m * 9m 4m * 9m
Occupancy 1 Person 1 Person
Bandwidth 20MHz 20MHz
Channel 11 (2462MHz) 11 (2462MHz)
Frequency 2.417GHz 2.417GHz
Antennas 3Rx * 2Tx 3Rx * 2Tx
Subcarriers 30 30

Two devices that serve as transmitter (Tx) and receiver (Rx) were used to instrument
the two test environments, where Tx and Rx represent the access point (AP) transmitter
and the receiver laptop respectively. The height of the WiFi device is 75 cm, there is
no change in the physical environment of the laboratory or office during the experiment.
The office and laboratory rooms are furnished with tables, desks, computers and other
furniture made of wood or metal. In both test scenarios, the experimenter's position and
direction remained unchanged during data collection and estimation. Figure 14 illus-
trate the two experimental environment.
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Fig. 14. Experimental environments. (a) The laboratory, (b) The office

4.2  Experimental setup

We conducted an experiment in a Wi-Fi network 802.11n at 2.4 GHz using a single
off the shelf Wi-Fi device (i.e., HP 290 G1 MT business computer) connecting with a
commercial wireless access point (AP) (i.e., TP-LINK TD -W8961N) which acts as a
double antenna transmitter. The laptops are running Ubuntu 14.0.4.4 LTS with kernel
4.2.0-27 and is equipped with Intel WiFi Link 5300 card with 3 antennas that act as a
receiver. On the same laptop, a Matlab script that processes offline data collection and
provides information about the activities of elderly people. Most of the interesting ac-
tivities occur within a few seconds. For capturing the signal impacted by these short-
term activity, the laptop communicates with the WiFi access point by sending ICMP
echo request packets every 10 ms and receiving ICMP echo reply packets, the sampling
rate is 100 Hz. We extract CSI data from the received packets for 30 subcarrier groups
of 20 MHz channel bandwidth using a modified version of an open source wireless
driver [23]. Additionally, we used a camera (EKACOM Webcam 1080P with Micro-
phone, Full HD) to automatically capture pictures and provide additional context to the
recorded data. The purpose of using the camera was to validate the accuracy of the
system's activity recognition results. Table 2 provides a list of the hardware and soft-
ware utilized for the experience.
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Table 2. Lists of experimental hardware and software

Device name Role Hardware / Software Specification and use
Laptop Rx HP 290 G1 MT Business PC | Receiving WiFi packets
Access Point Tx TP-LINK TD-W8961N Transmitting WiFi

packets

Network interface Intel 5300 Mini Wireless Net-

Card Intel 5300 work Card, 450Mbps, 3 antennas Receive CSI data
6dbi, INTEL5300AGN
Software MATLAB platform MATLAB R2018b Constructing system
Take pictures automati-| EKACOM Webcam 1080P with (_Iapturmg images to val-
Camera idate the accuracy of the

cally Microphone, Full HD system's results

Figure 15 illustrate the experimental hardware.

Fig. 15. Illustrate the experimental hardware

4.3  Experimental results

We conducted real experiments in both laboratory and office environments, as illus-
trated in Figure 13, where the furnishings and the placement of the AP transmitter and
receiving laptop were set at a distance of 3 meters. Throughout the one-hour duration,
a volunteer performed continuous sitting and standing activities in each scenario,
namely Line-of-Sight (LOS) and Non-Line-of-Sight (NLOS) environments, as shown
in Figure 5. To ensure the proper collection and storage of CSI data for future reference,
a consistent and reliable WiFi signal between the router and receivers was maintained
while the volunteer carried out the activities. Figures 16(a) and 16(b) depict the opera-
tion interface of the transmitter and receiver, respectively. During the experiment, we
transmitted a total of 1000 packets, each with a size of 393 bytes. The receiver's laptop
was responsible for signal reception and logging.
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infoginfo-HP-280-G1-MT:~$ sudo ping 192.168.1.1 -1 6.01 -c 1000 o
PING 192.168.1.1 (192.168.1.1) 56(84) bytes of data info@info-HP-286-G1-MT:~/Linux-88211n-csitool-supplementary/netlink$ sudo ./log_to_
& 64 bytes from 6 t
B 64 bytes fron e t 32 1 3 by : 1 seq: © clen: 39
@ o bytes fron il
64 bytes from
& 64 bytes from
64 bytes from
= 64 bytes from
B 6 bytes from
= 64 bytes from
B 4 bytes fron
g 04 bytes from
#¥ 64 bytes fron
64 bytes from Lcmp_ received
E‘“ bytes from 192. tcmp_ ) recetved
= 64 bytes from 192. tcmp_ received
B 64 bytes from 192. 6 B received
— bytes from 192. 5 - received
B received
tes from 192. 1. 9 received
64 bytes fron 192 3
64 bytes from

(a) Transmitter interface (b) Receiver interface

Fig. 16. Shows operating interface of the transmitter and receiver. (a) Transmitter interface, (b)
Receiver interface

The indirect wireless data that is impacted by human actions is the only data we can
collect for our work. Determining the influence that various human activities will have
on the wireless propagation channel is therefore the first step. To this end, we conducted
experiments in the lab and the office at LOS and NLOS locations, with Figure 17 de-
picting the results. Specifically, we focused on the activities of sitting and standing due
to the limited space available in the testing environments.

Although the CSI amplitude may vary with transmission power, it is often a trust-
worthy measurement for feature extraction, and burst noise can be decreased by em-
ploying filtering techniques. As a result of the movement of the human and objects, the
estimated channel will have a varied amplitude and phase, changing the multipath char-
acteristic of the wireless channel. Figure 17 shows the CSI amplitude of all subcarriers
and the second antenna in relation to a human subject standing and sitting between a
WiFi transmitter and receiver. For the first 400 packets, the person stays motionless
before beginning to stand or sit. As shown, all subcarriers' and the second antenna's CSI
amplitudes are relatively stable when the subject is not moving, but when activity starts,
the amplitudes of the CSIs begin to fluctuate dramatically, confirming our model anal-
ysis.
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Fig. 17. CSI amplitude measured on a certain duration of different scenarios. (a) Sitting and
standing activity in line of sight (LOS) at the laboratory, (b) Sitting and standing activ-
ity in non-line of sight (NLOS) at the laboratory, (c) Sitting and standing activity in line
of sight (LOS) at office, (d) Sitting and standing activity in non-line of sight (NLOS) at
office

We deployed a camera to capture activity [29]. Evidently, the high accuracy of ac-

tivity recognition indicate strong performance of the activity recognition system. Figure
18 shows the current CSI package ID attached to the photo taken by the camera. These
results demonstrate that we can accurately monitor the activities of elderly people.
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Fig. 18. Shows the current CSI package ID attached to the photo taken by the camera
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5 Conclusion and future work

The use of intelligent sensing technology in healthcare monitoring has gained sig-
nificant attention, with the potential to advance rapidly due to the widespread availa-
bility and affordability of commercial WiFi devices. Unlike currently available weara-
ble sensors and systems that require direct contact, WiFi sensing can provide a high-
accuracy contactless monitoring solution. In this paper, we have demonstrated how a
WiFi network can be utilized to monitor elderly people using a single access point and
a single WiFi device. Our proposed system utilizes fine-grained channel state infor-
mation provided by standard WiFi devices to detect motion patterns related to the ac-
tivities of elderly people. Our extensive experiments conducted in both laboratory and
office environments demonstrate that our proposed approach utilizing the existing WiFi
network can achieve equivalent or better accuracy than the current sensor-based ap-
proach. This WiFi-based approach provides a novel opportunity to implement free and
low-cost devices for monitoring elderly people in non-clinical environments. For future
work, we plan to investigate the use of directional antennas to reduce the effect of sur-
rounding obstacles and moved objects, thus improving accuracy. Additionally, we will
analyze the effects of WiFi transmitter and receiver position and posture on the deploy-
ment of the system.
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