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Abstract: Detecting human head movement during sleep is important as it can help doctor to access
some physical or mental health problems like infantile eczema, calcium deficiency, insomnia, anxi-
ety disorder and even Parkinson’s disease, and provide useful clues for scientific diagnosing. To
obtain the information of sleep head movement, current solutions either use the camera or require
the user to wear intrusive sensors to collect the image or motion data. However, the vision-based
schemes depend on the environmental light conditions and also bring privacy concerns. Some peo-
ple including the elderly and infant may be reluctant to wear wearable devices during sleep. In this
paper, we propose a novel system called Wi-Senser to address the issues mentioned above. Our Wi-
Senser directly reuses the existing WiFi infrastructure and exploits the fine-grained channel state
information (CSI) of WiFi signals to capture the minute human head movement during sleep with-
out attaching any sensors to the human body. We design and implement our system with just one
commercial off-the-shelf (COTS) router and one laptop equipped with Intel 5300 network interface
card (NIC). We evaluate the performance of Wi-Senser with 6 volunteers (4 adults and 2 children).
Extensive experiments demonstrate that Wi-Senser can achieve a 98.5% accuracy for head move-
ment detection during sleep. Wi-Senser provides a new solution for achieving noninvasive, contin-
uous and accurate human minute movement detection without any additional cost.
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1. Introduction

In recent years, with the rapid development of technologies such as the Internet of
Things, smart wearable and mobile computing, the exploration of human-oriented smart
health situational awareness applications has attracted extensive attention from industry
and academia. Among them, human motion perception (such as gait perception, gesture
perception, and breathing perception) has attracted special attention from researchers be-
cause it is closely related to people's daily life and physical health. Traditional human
motion sensing methods mainly sense human motion changes by attaching contact sen-
sors or wearable devices with motion sensors to the surface of human skin to collect mo-
tion data [1-3]. This type of method requires the user to wear or carry the sensing device
always, which is not applicable to some special groups (such as infants, the elderly, and
the disabled), because infants or the elderly wearing the sensing device for a long time is
likely to cause physical discomfort, and some disabled people with limb disabilities can-
not wear the sensory device. Due to the invasive nature of traditional contact sensing
methods, researchers have studied and utilized computer vision technology to achieve
non-contact human motion perception. In the early days of computer vision-based human
motion perception research, image-based detection methods were mainly used [4]. That
is, a video stream of human activity is first recorded using a camera, then the video is
segmented into frames, and finally uses the relevant image processing algorithm to detect
the target human movement. In recent years, video-based human motion perception
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technology has become increasingly mature and widely used [5,6]. However, the percep-
tion method based on computer vision relies on lighting conditions and cannot work in
non-line-of-sight environments, and there is also a risk of leaking personal privacy infor-
mation such as face, height, weight.

In order to overcome the limitations of the above perception methods, such as intru-
siveness, light dependence, and privacy leakage, researchers have focused on using wire-
less signals to implement non-contact human motion perception. As early as 2010, re-
searchers proposed to use ultrasonic signals emitted by acoustic sensors to sense the user's
gait, behavioral actions, and breathing rate [7-9]. However, this method requires special-
ized acoustic equipment, which is expensive and difficult to deploy. Therefore, the re-
searchers explored the direct use of acoustic sensing devices (speakers and microphones)
built into smartphones to sense human movement [10]. This method can overcome the
limitations of light dependence and it has low hardware cost and is easily deployed, but
acoustic signal-based sensing methods are susceptible to environmental noise and still
have privacy leakage risks. With the innovation of wireless communication and intelligent
computing technology, the research on human motion perception based on wireless radio
frequency signal has become a research hotspot in the past five years. As early as 2015,
researchers proposed to use frequency-modulated continuous wave radar and millimeter-
wave radar technology to perceive human chest movement, gesture posture and even rec-
ognize human emotional changes [11]. Although this method can not only achieve fine-
grained human motion perception but also protect users' personal privacy, it also requires
special radar equipment, which is costly and difficult to control. Then researchers pro-
posed to use RFID readers/tags to sense human respiratory movement, sleep activity and
fitness exercise [12,13]. Although the use of commercial RFID equipment can effectively
reduce the cost of equipment, it is only deployed in specific applications (such as toll sta-
tions, parking lots, access control systems) now, and the popularity of equipment is not
enough to achieve ubiquitous real-time human motion perception.

Recently, in order to achieve ubiquitous real-time human motion perception, WiFi
signals have emerged. Specifically, researchers directly utilize the link-layer or physical-
layer attributes of ubiquitous WiFi signals, such as the Received Signal Strength Indicator
(RSSI) and the physical layer Channel State Information (CSI), to obtain perceptual infor-
mation related to human movement. The link-layer or physical layer properties of WiFi
signals can be extracted from commercial wireless cards such as Intel 5300 network card,
Atheors 9580 network card [14,15]. Since the link-layer RSS measurement is susceptible to
the time-varying and multipath fading of the wireless channel, the existing work mostly
uses the physical layer CSI to implement non-contact human motion perception. That is,
for a WiFi signal with a bandwidth of 20 MHz, the receiver can use the Intel 5300 network
card to extract the Channel Frequency Response (CFR) estimate of 30 OFDM subcarriers,
that is CSI, each CSI measurement contains the amplitude and phase information of any
OFDM subcarrier, so CSI can provide wireless channel time-frequency domain change
information to achieve fine-grained human motion perception. At present, the perception
applications based on WiFi CSI mainly focus on human activity recognition, indoor posi-
tioning and respiratory monitoring [16-22]. Medical studies have shown that frequent
shaking of the head during sleep of children is often closely related to physiological dis-
eases such as rickets and eczema, while frequent shaking of the head during sleep of
adults is often closely related to mental diseases such as insomnia, anxiety and even de-
pression. Therefore, monitoring people's head movement during sleep is an important
research topic in the situational perception of smart health.

Therefore, this paper proposes Wi-Senser, a human head motion detection method
based on WiFi signals. Wi-Senser directly utilizes the CSI amplitude information of ubig-
uitous WiFi signals to achieve contactless human head motion detection without reveal-
ing privacy of user. Specifically, Wi-Senser firstly uses an Intel 5300 network card to ex-
tract WiFi CSI data that records changes in human head movement. Then Wi-Senser uses
a filter channel consisting of a Hampel filter, a wavelet filter, and an averaging filter to
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filter out outliers and strong noises in the original CSI signal and retain the rising/falling
edges of the movement changes. Subsequently, Wi-Senser proposes a sensitivity metric
combining standard deviation and kurtosis, and bases on this sensitivity metric, an opti-
mal subcarrier is selected from 30 CSI subcarriers, which has the highest sensitivity to
changes in head motion and is insensitive to irrelevant environmental changes. Finally,
Wi-Senser uses the peak finding algorithm to capture the true set of peaks caused by head
motion from the optimal subcarrier, so as to achieve accurate detection of human head
motion.

Overall speaking, Wi-Senser has three main advantages: firstly, it utilizes WiFi signal
to detect head movement during sleep, which can protect the privacy of user and is non-
invasive to the human body; secondly, it directly utilizes existing WiFi routers as trans-
mitters, which is cost-effective and easy to deploy; thirdly, WiFi signals have strong pen-
etrability, enabling the detection of human movement in non-line-of-sight scenarios.

The main contributions of this paper are summarized as follows.

e  To the best of our knowledge, Wi-Senser is the first system enabling contactless hu-
man head movement detection during sleep by reusing the existing WiFi network.

e  We propose a new metric used to select an optimal subcarrier from candidate sub-
carriers and design algorithm that has the capability to track human head movements
accurately from the extracted fine-grained CSI signals.

e  We implement Wi-Senser with COTS WiFi devices and evaluate the performance
with extensive real-world experiments involving 6 volunteers (including 4 adults
and 2 children). The results demonstrate that with WiFi signals alone, Wi-Senser is
able to achieve higher than 98.5% accuracy in detecting human head movement dur-
ing sleep.

2. Preliminaries

This section presents a theoretical model for utilizing WiFi signals to perceive
changes of human body movement [23]. Specifically, at time ¢, if the WiFi signal reaches
the receiver through N paths, the complex value of channel frequency response CFR of
the i-th subcarrier in the WiFi channel can be represented as

. i3k (®)
H(ft) = e 280 H(f) + ) ay(ftge ™ A M
kEP4
where fis the carrier frequency, Af is the carrier frequency offset between the transmitter
and receiver, A is the wavelength, and P, is the dynamic path set. H;(f;) is the cumula-
tive CFR of static paths, which has relatively stable energy attenuation and propagation
delay due to near-constant propagation length. Therefore, H;(f;) is usually regarded as a

constant. a,(f;,t) represents the energy attenuation of the k-th dynamic path, and
namic path (with a length of d,(t)). —2m A ft represents the phase shift caused by the
carrier frequency offset Af.

According to Equation 1, the CSI energy (|H (f;, t)|*) can be derived as

represents the phase shift caused by the transmission delay along the k-th dy-
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Since e represents a unit vector rotating an angle of —2m A ft in the complex
plane, its influence on CSI energy (|H (f;, t)|?) can be ignored. That is, under the condition
of ignoring the effect of carrier frequency offset, Equation 1 can be rewritten as
dk(t))
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where ¢ is the rotation angle of the synthesized vector of static paths, and ¢, is the in-
itial phase of the k-th dynamic path. Based on Euler's formula (cos 8 + j sin 8 = /), Equa-
tion 3 can be further expanded as

di (t)

H(fo 0) = ()l cos b+ ) lax(fy D)l cos(y — 2n =5 )
kePg
di ()
+ {1 sin s + ) au(fo Dl sin(gy — 25 =) 4
kePgy
Therefore, the sum of the squares of the real and imaginary parts in Equation 4 is the CSI
energy:
- 2
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Equation 5 can be expanded, organized and simplified based on trigonometric properties
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According to the literature [23], by assuming that the k-th dynamic path has a rela-
tively stable velocity change due to human movement in a short time, ie., di(t) =
d(0) + v, t, substituting it into Equation 6, we can get:
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where ¢, ¢, and ¢; represent the initial phase under static and dynamic paths respec-

di(0)
i
initial phase shifts under different dynamic paths, which can also be regarded as con-

stants. Therefore, we can get:

tively, which can be regarded as constants. In addition, 2r—— and 2n le@ represent the
3
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Substituting Equation 8 and Equation 9 into Equation 7, we can obtain:
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Since |H(f;)|? and Yjep Jlac(fir t)|* are approximately constants, the amplitude change

of CSI caused by human movement (|H(f;, t)|) can be approximated as a sum of DC
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components and cosine signals whose frequencies change at a speed of v, of dynamic
paths and amplitudes change with the length d; of dynamic paths.

In summary, human body movement causes changes of dynamic paths in WiFi signal
multipath propagation, which in turn leads to changes in the CSI amplitude of the re-
ceived signal.

3. System Design

3.1. System Overview

Wi-Senser aims to achieve non-device-based human head motion detection utilizing
ubiquitous WiFi signals, without the need for users to wear any professional sensing de-
vices. Figure 1 depicts the system architecture of Wi-Senser. Wi-Senser consists of three
functional modules: data collection module, data processing module, and head motion
detection module. In the data collection module, Wi-Senser directly uses a commercial
WiFi router as a transmitter while using a laptop with an Intel 5300 network card to re-
ceive WiFi signals and extract CSI amplitude data. Since the original CSI amplitude data
contains a large number of outliers and strong noise caused by the external environment
and hardware equipment, Wi-Senser utilizes a filtering channel consisting of Hampel fil-
ter, wavelet filter, and mean filter in the data processing module to filter out outliers and
strong noise, and then proposes a sensitivity measure to calculate the sensitivity of CSI
amplitude fluctuations of each subcarrier to human head movement. As the CSI ampli-
tude fluctuations of different subcarriers have different sensitivity to human head move-
ment, Wi-Senser first selects the optimal subcarrier with the highest sensitivity from 30
subcarriers according to the calculated sensitivity in the head motion detection module,
and then uses the peak-finding algorithm to capture the real peak set caused by human
head movement from the optimal subcarrier to achieve human head motion estimation.
The following sections will provide a detailed overview of each functional module of Wi-
Senser for human head motion detection.

Y4

Data Collection Data Processing A (Motion Detection

Carrier selection

Peak detection

Head movement € 2 ate Motion Estimation

VAN

Figure 1. System architecture of Wi-Senser.

3.2. Data Collection

We conducted data collection experiment in the laboratory using an 802.11n WiFi
network, with a commercial WiFi router (TP-Link WDR5620) set as the transmitter (TX)
and a Lenovo laptop equipped with an Intel 5300 network card as the receiver (RX), as
shown in Figure 2. The network card has three antenna interfaces, and we connected ex-
ternal antennas to the receiver to enhance signal strength. The distance between the trans-
mitter and receiver was set to 2.5 meters, and the packet transmission rate of the transmit-
ter was set to 20 pkts/s. During the experiment, volunteers lay on a long table between the
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transmitter and receiver and freely rotated their heads (i.e., rolling their head in a supine
position). We used the tool provided in literature [14] to modify the firmware and driver
of the receiver's network card to obtain CSI measurements of 30 subcarriers in the 2.4 GHz
WiFi signal. Specifically, the received single CSI measurement is a complex matrix of size
30xNyxxNryx, Nrxy and Ngy are the numbers of transmitting antennas and receiving anten-
nas respectively.

Camera
COTS WiFi

.....

Figure 2. Wi-Senser deployment in a laboratory.

3.3. Data Processing

Due to the strong noise in the original CSI measurements caused by environmental
changes, wireless interference, etc., Wi-Senser needs to perform denoising processing on
the original CSI measurements to extract fine-grained CSI amplitude information that rec-
ords human head motion changes. Wi-Senser mainly considers three types of different
noise: outliers (i.e., CSI measurements that deviate from the median by several times the
standard deviation in a set of CSI measurements), high-frequency environmental noise,
and low-frequency interfering noise, and uses a filtering channel consisting of a Hampel
filter, wavelet filter, and mean filter to filter out the above noise.

3.3.1. Hampel Filter

Figure 3 shows the raw CSI amplitude sequence (i.e., 30 CSI subcarriers) collected by
the Intel 5300 network card, where it can be observed that there are generally many outli-
ers in the raw CSI amplitude sequence. To address this issue, Wi-Senser utilizes a Hampel
filter with a sliding window to remove the outlier CSI amplitudes. Specifically, given the
n-length CSI amplitude sequence C! = {c!, ..., c}} in the i-th subcarrier and the j-th sliding
window W{ = {ci, ..., ctyp-1} (1 <k <n— @+ 1) with a length of @, if any CSI ampli-
tude cji(k <j<k+®—1) in the current sliding window satisfies the condition: u} —
yXof < cji < uk +y X g}, where p, and o} represent the median and standard devia-
tion of the CSI amplitudes in the current sliding window Wy, and y represents an expand-
able factor (i.e., a constant), the Hampel filter considers it as an outlier. For any outlier Cji,
the Hampel filter replaces it with the median ). In the experiments, we empirically set y
and @ to 1.5 and 7 respectively. Figure 4 shows that the CSI subcarriers after being filtered
by the Hampel filter, where it can be observed that the outliers identified in Figure 3 can
be effectively removed.
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Figure 3. CSI subcarriers before data processing.
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Figure 5. CSI subcarriers filtered by Wavelet Filter.
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Figure 6. CSI subcarriers filtered by Mean Filter.

3.3.2. Wavelet Filter

Although the Hampel filter can remove outliers in the CSI amplitude sequence, high-
frequency environmental noise still exists. Therefore, Wi-Senser needs to further filter out
high-frequency environmental noise. Traditional low-pass filters such as Butterworth and
Chebyshev filters suppress not only high-frequency noise but also the rising/falling edges
in the CSI amplitude fluctuations, which are often caused by human motion events. Sup-
pressing these edges may cause Wi-Senser to miss/detect false-positive head motion
events. Compared with traditional low-pass filters, wavelet filters can better preserve
transient changes in signals. Therefore, Wi-Senser utilizes a wavelet filter to suppress
high-frequency environmental noise in the CSI amplitude sequence while preserving the
rising/falling edges generated by head motion events. Specifically, Wi-Senser uses the
Stein unbiased estimate as the threshold selection criterion and sets the threshold usage
mode to soft thresholding in the wavelet filter. In each CSI subcarrier, Wi-Senser adopts
4-level db4 wavelet transform and retains the approximation coefficients (i.e., the useful
low-frequency signal) to filter out high-frequency environmental noise. Figure 5 shows
the CSI subcarriers filtered by the wavelet, where it can be observed that high-frequency
environmental noise is effectively suppressed, and the rising/falling edges in the CSI am-
plitude changes that record head motion are fully preserved. The experimental results
demonstrate the effectiveness of the low-pass filter (i.e., wavelet filter) selected by Wi-
Senser to filter out high-frequency environmental noise.

3.3.3. Mean Filter

Although the wavelet filter can effectively remove high-frequency environmental
noise from the CSI amplitude sequence, it cannot filter out low-frequency interfering noise
with similar frequencies to human motion signals. Therefore, Wi-Senser further utilizes a
mean filter to filter out low-frequency interfering noise and extract low-frequency CSI
amplitude fluctuations that record head motion changes. Specifically, the mean filter
treats consecutive sample data as a data queue with a length of L. For each new measure-
ment data, it removes the first sample data in the previous queue and adds a new sample
data to the end of the queue to form a new data queue with a length of L. Then, it performs
arithmetic operations on the new data queue and uses the operation result as the final
result of the new measurement task. That is, assuming the input is X and the outputis Y,
its calculation formula is as follows:

_ Xp +Xnq + Xn;z +o+ XL (11)

In the experiments, Wi-Senser empirically set L to 20 to perform filtering tasks. Figure
6 shows the CSI subcarriers further filtered by the mean filter, where it can be observed
that compared with Figure 5, the CSI amplitude signals after mean filtering are smoother
and more regular, the hierarchy between subcarriers is clearer, and all head motion-

Yo
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induced CSI amplitude fluctuations can be fully recorded. The experimental results
demonstrate the effectiveness of the mean filter used by Wi-Senser to filter out low-fre-
quency interfering noise. In addition, Figure 7 shows the comparison of CSI amplitude
changes before and after data processing. It can be clearly seen that compared with the
original CSI amplitude signal (as shown in Figure 7(a)), the CSI amplitude signal obtained
by Wi-Senser's filtering channel is smoother, and the CSI amplitude fluctuations caused
by head motion are more obvious, while various noises are effectively filtered out (as
shown in Figure 7(b)). The experimental results demonstrate the effectiveness of the fil-
tering channel used by Wi-Senser to filter out various noises.

3.4. Carrier Selection

Due to different center frequencies/wavelengths of different subcarriers, the sensitiv-
ity of CSI amplitude fluctuations of different subcarriers to human head motion changes
varies. Specifically, Figure 7(b) shows the CSI amplitude changes of each subcarrier with
human head motion after data processing. It can be observed that human head motion
has a smaller impact on the CSI amplitude changes of subcarriers with lower carrier num-
bers (i.e., subcarriers 1-10), indicating that these subcarriers are less sensitive to human
head motion changes. However, human head motion has a greater impact on the CSI am-
plitude changes of subcarriers with higher carrier numbers (i.e., subcarriers 15-30), indi-
cating that these subcarriers are more sensitive to human head motion changes. Therefore,
before performing human head motion detection, Wi-Senser needs to select the optimal
subcarrier with the highest sensitivity to human head motion changes from the CSI sub-
carriers after data processing.

To achieve this goal, Wi-Senser first defines a sensitivity metric to quantify the sen-
sitivity of CSI amplitude changes of different subcarriers to human head motion changes.
Specifically, given any processed CSI amplitude sequence C! = {cl,...,cL} where i is the
ordinal of subcarrier and 7 is the sample length, the sensitivity of C' to human motion
can be calculated as:

Qbiny = (1 —0) X sd' + 6 X kt"* (12)
; 2
n (¢t —¢
]—1(1{1 ) (13)
1 n i =4
—Di=1lC¢ — C
kti = 1 (g~ 9) -3 (14)

2

i2-(sf )
where sd'and kt' are the standard deviation and kurtosis of C' respectively, and 6 €
[0,1] is a weighting factor. Unlike reference [24], which only utilizes the variance of the
CSI amplitude sequence to quantify the sensitivity of different subcarriers to human mo-
tion. However, both human movement and non-motion interference can cause large
changes in the variance of CSI amplitude, it is difficult for variance measurement to effec-
tively identify whether the fluctuation of CSI amplitude (that is, large variance value) in
a certain period of time is caused by human motion or by non-motion interference. There-
fore, as shown in Equation 12, Wi-Senser introduces a joint sensitivity metric of the stand-
ard deviation and kurtosis of the CSI amplitude sequence for the first time. The reason for
introducing this joint metric is twofold: first, the kurtosis metric can measure the sharp-
ness of CSI amplitude fluctuations, and since the CSI amplitude fluctuations caused by
human motion are sharper, this metric can better capture the CSI amplitude fluctuations
that reflect human motion changes; second, compared with variance metrics, standard
deviation metrics are more robust to CSI amplitude fluctuations.
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Figure 7. CSI amplitude changes under human head motion. (a) Original CSI amplitude changes;
(b) CSI amplitude changes after data processing.

Figure 8 shows the sensitivity calculation results of different subcarriers under dif-
ferent sensitivity metrics. It can be observed that the optimal subcarrier selected by the
traditional method (i.e., variance metric) is subcarrier 28, while the optimal subcarrier se-
lected by Wi-Senser (i.e., joint metric) is subcarrier 17. Figure 9 further shows the optimal
subcarrier selected under different sensitivity metrics (i.e., subcarrier 28 and subcarrier
17). It can be clearly observed that, as shown in Figure 9(a), although subcarrier 28 can
fully record human head motion changes (i.e., the green triangle in the figure), it also in-
troduces more spike signals unrelated to human head motion (i.e., the red triangle in the
figure), which may lead to false detection. Compared with subcarrier 28, subcarrier 17
shown in Figure 9(b) is smoother and more stable, especially, there are no spike signals
around the peak of the CSI amplitude fluctuations that reflect human head motion, indi-
cating that subcarrier 17 can more accurately detect human head motion (i.e., the green
triangle in the figure) and greatly reduce the possibility of false detection. In conclusion,
the joint standard deviation and kurtosis sensitivity metric proposed by Wi-Senser can
better select the optimal subcarrier, which has the highest sensitivity to human head mo-
tion and is insensitive to irrelevant environmental changes.

3.5. Motion Detection

After Wi-Senser selects the optimal subcarrier with the highest sensitivity to human
head motion changes from 30 CSI subcarriers by the joint metric, it further utilizes the
algorithm called peak-finding to capture the true peak set caused by human head motion
from the optimal subcarrier to achieve accurate detection of human head motion. The
peak-finding algorithm is detailed in Algorithm 1. Specifically, for the processed CSI am-
plitude sequence C', Wi-Senser first uses the sensitivity measure given by Equation 12 to
calculate the sensitivity values of each subcarrier to sleep head movement (lines 1-5 in
Algorithm 1). Then, Wi-Senser selects the subcarrier with the highest sensitivity value as
the optimal subcarrier (lines 6-10 in Algorithm 1). Next, for the selected optimal subcar-
rier, Wi-Senser sets a minimum peak height and uses a classical algorithm to find all local
maxima as the candidate peak set (lines 11-12 in Algorithm 1). Finally, Wi-Senser filters
out false peaks caused by large body movements (e.g., going to bed and turn over) from
the candidate peak set based on a threshold-based approach to obtain the true peak set
that records sleep head movement changes (lines 13-18 in Algorithm 1).
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Figure 8. The results of sensitivity calculation under different metrics
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Figure 9. The optimal subcarrier selected under different metrics. (a) Optimal subcarrier selected
based on variance metric (subcarrier 28); (b) Optimal subcarrier selected based on joint metric (sub-
carrier 17).
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Algorithm 1: Peak-finding algorithm.

Input: The processed CSI amplitude sequence: C' = {ci,...,ct}(1 <i < 30);
weight factor: 6; threshold used to discriminate large body movements: T4y .
Output: The true peak set: RealPeakSet
1: QMY «0;
2: for i=1:30 do

4. kti = ;Z’LC’L__E):Z —
(Rz?ﬂ(cjl“c) )

5 Q(ilyn) =(1-6) xsd' + 6 xkt'; #Sensitivity calculation

6: if Qf;n) > Q™" then

7 Q™™ « Q(1n); # Optimal subcarrier selection

8: end if

9: end for

10: i « max;

11 Preigne = a X Mean(C 1); #Set a minimum peak height used to filter out non-

movement interferences

12: LocalMaxSet « FindLocalMaxs(Ci,Pheight);/*LocalMaxSet ={pr, 1<k <K}/

13: for k=1:K do #Find the true peak set caused by head movements

14: if amplitude(@;) < Tphax then
15: add ¢, into RealPeakSet;
16: end if

17: end for

18: return RealPeakSet.

4. Evaluation

4.1. Implementation
4.1.1. Hardware Implementation

The transmitter of Wi-Senser is a TP-Link commercial wireless router model TL-
WDR5620, which is set to operate in the 2.4 GHz frequency band and use the IEEE 802.11n
protocol standard. The receiver of Wi-Senser is a Lenovo laptop computer with an Intel
5300 wireless network card (3.3 GHz Intel(R) Core (TM) i5 CPU, 8 GB RAM, 512 GB solid-
state drive), which has three antenna interfaces that we externally connect to enhance the
received signal strength. The laptop computer is installed with Ubuntu 12.04 LTS and op-
erates in client mode. The laptop computer sends ping commands to the wireless router
at a data rate of 20 pkts/s, and the wireless router also transmits 2.4 GHz WiFi signals to
the laptop computer at the same data transmission rate. We modify the firmware and
driver of the network card using tools provided in reference [14] to obtain CSI measure-
ments of 30 subcarriers in the 2.4 GHz WiFi signal. MATLAB R2018b is used to process
and analyze the collected CSI data. Wi-Senser uses a high-definition camera to record ac-
tual human head motion. The experimental deployment is shown in Figure 2.

4.1.2. Software Implementation
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To obtain rich experimental data to verify the detection performance of Wi-Senser on
human head motion, a total of six volunteers were recruited for this experiment, including
four adults (two males and two females) and two children (one boy and one girl) with
ages ranging from 6 to 27 years and weights between 20 kg and 65 kg. During the experi-
ment, the transmitter and receiver were initially placed on both sides of the area where
human motion was expected, with an initial relative distance of 2.5 m between them. Each
volunteer was asked to perform 60 human head movements freely and randomly over
three days according to their personal sleeping habits, with each movement lasting 3
minutes. Therefore, Wi-Senser collected a total of 360 CSI amplitude data segments (60
times x 6 volunteers).

4.1.3. Performance Metric

We use the Detection Accuracy as the performance evaluation index of human head

motion detection, which is defined as follows:
D

R
Detection Accuracy = RA X 100% (15)

where RP represents the number of true head movements detected by Wi-Senser using
Peak-finding Algorithm, and R* represents the actual number of head movements rec-
orded by the high-definition camera.

4.2. Overall Performance
4.2.1. Evaluation of Sleep Head Movement Detection

The detection results of Wi-Senser on human head motion are shown in the green bar
chart in Figure 10. Specifically, the average detection accuracies of Wi-Senser for the six
volunteers' head movements are 96.5%, 100%, 99%, 98%, 100%, and 100%, respectively.
That is, Wi-Senser achieves an average detection accuracy of over 98.5% for all volunteer
head movements. It should be noted that the detection accuracy of Wi-Senser for volun-
teer P1's head movements is relatively lower than that of other volunteers. The main rea-
son for this result is that volunteer P1 is a female child, and her head movements have
smaller amplitude and weaker swing force, resulting in less fluctuation in the received
CSI amplitude values and causing Wi-Senser to miss some slight head movements of the
child. Overall, Wi-Senser can achieve accurate detection of human head motion for both
adults and children (with an average detection accuracy of over 98.5%).

4.2.2. In Comparison to the Existing Method

To verify the effectiveness of the sensitivity metric proposed by Wi-Senser in select-
ing the optimal subcarrier, we first used the traditional variance metric to select the opti-
mal subcarrier from the collected 360 CSI data segments, then used the peak-finding al-
gorithm to obtain the corresponding peak set, and finally calculated the detection accu-
racy. The red bar chart in Figure 10 shows the human head motion detection performance
under the variance metric. It can be observed clearly that the detection accuracy of the
optimal subcarrier selected by the variance metric is significantly lower than that of Wi-
Senser, with an average detection accuracy reduced from 98.5% to 93%. The experimental
results confirm the effectiveness of the sensitivity metric proposed by Wi-Senser in im-
proving the detection performance of human head motion.
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Figure 10. The results of human head movement detection under different carrier selection methods.

5. Discussion

Wi-Senser utilizes the multipath propagation effect of WiFi signals and ubiquitous
commercial wireless routers to implement non-contact, low-cost, easy-to-deploy and
high-precision detection of human head movement. However, at present, there are also
some limitations in practical applications.

e Limitations on the positioning of sensing devices

To address the limitations on the positioning of sensing devices, Wi-Senser can try to
deploy multiple pairs of transceivers in future work to expand the effective sensing
range of the system, and fuse the CSI measurement values collected by multiple pairs
of transceivers to achieve more comprehensive and three-dimensional detection of
human movement.

e Limitations on the distance of sensing devices

To address the limitations on the distance of sensing devices, Wi-Senser can try to
use high-gain directional antennas to increase the transmission power of WiFi signals
in future work, enabling receivers to collect effective CSI measurement values at
greater distances.

e  Limitations on multi-person sensing

At present, Wi-Senser can only sense the head movements of a single person. In fu-
ture work, Wi-Senser can try to use multi-signal classification algorithms such as
MUSIC to achieve multi-person sleep movement sensing.

6. Conclusion

This paper designs and implements a non-contact human head movement detection
system, Wi-Senser, using ubiquitous WiFi signals from commercial wireless routers.
Firstly, the theoretical basis of using WiFi signals for detecting human limb movements is
analyzed, which approximates the changes in CSI amplitude caused by human movement
as the sum of a series of DC components and cosine signals whose frequencies vary with
the dynamic path velocity and amplitudes vary with the dynamic path length. To obtain
detailed CSI amplitude information, Wi-Senser first uses a filtering channel composed of
Hampel filter, wavelet filter, and mean filter to filter out outliers and environmental noise
in the raw CSI measurements. Then, Wi-Senser proposes a joint sensitivity measure of
standard deviation and kurtosis, and selects an optimal subcarrier from 30 CSI subcarriers
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that can fully record the changes in human head movement based on this sensitivity meas-
ure. Finally, Wi-Senser captures the real peak set caused by head movement from the op-
timal subcarrier using the peak-finding algorithm, thus achieving accurate detection of
human head movement. This paper builds an experimental platform in a university lab
setting to verify the detection performance of Wi-Senser and evaluate the actual impact of
transmitter-receiver location and distance on Wi-Senser's sensing performance. Experi-
mental results show that Wi-Senser achieves an average detection accuracy of more than
98.5% for head movement data from six volunteers. Compared with traditional carrier
selection methods, the proposed joint measurement-based carrier selection method im-
proves the average detection accuracy of the system by 5.5%. The sensing method pro-
posed by Wi-Senser in this paper provides a theoretical and experimental basis for subse-
quent sleep multi-movement detection and recognition.
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