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Device-free sensing using ubiquitous Wi-Fi signals has recently attracted lots of attention. Among the sensed information,
two important basic contexts are (i) whether a target is still or not and (ii) where the target is located. Continuous monitoring
of these contexts provides us with rich datasets to obtain important high-level semantics of the target such as living habits,
physical conditions and emotions. However, even to obtain these two basic contexts, offline training and calibration are
needed in traditional methods, limiting the real-life adoption of the proposed sensing systems. In this paper, using the
commodity Wi-Fi infrastructure, we propose a training-free human vitality sensing platform, WiVit. It could capture these two
contexts together with the target’s movements speed information in real-time without any human effort in offline training or
calibration. Based on our extensive experiments in three typical indoor environments, the precision of activity detection is
higher than 98% and the area detection accuracy is close to 100%. Moreover, we implement a short-term activity recognition
system on our platform to recognize 4 types of actions, and we can reach an average accuracy of 94.2%. We also take a
feasibility study of monitoring long-term activities of daily living to show our platform’s potential applications in practice.
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1 INTRODUCTION
In recent years, Wi-Fi based device-free sensing, which does not require attaching any device to the target,
has attracted a lot of attention from researchers. Compared with other device-free sensing technologies such
as camera [7, 26] and ultrasound [24, 41], Wi-Fi devices are ubiquitous in indoor environment so that we do
not need to deploy any extra infrastructure. As reported in [44], there are already more than eight devices on
average with Wi-Fi chipset embedded in a typical US home environment. Moreover, camera-based solutions raise
severe privacy concerns in indoor environments while ultrasound-based methods have a very small coverage
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area and the performance degrades significantly in noisy environments. These disadvantages limit their real-life
applications. Therefore, Wi-Fi has been considered particularly promising for ubiquitous indoor human sensing.
In the last few years, a lot of Wi-Fi based device-free human sensing applications have been proposed,

such as indoor localization [20, 38, 50], activity recognition [39, 42], intrusion detection [19] and respiration
monitoring [22, 35, 54], etc. For most of these applications, capturing the human vitality information (i.e. the
human is still or non-still and in which area the human is staying) is essential. For example, respiration sensing
with Wi-Fi needs to know when the target is still and then to monitor the respiration because body movements
severely interfere with the fine-grained respiration sensing. On the contrary, activity recognition needs to know
when the human is non-still and then to segment and recognize different activities. Moreover, a specific type
of human activity usually takes place in a particular area, such as sleeping activity takes place in the bedroom
and eating activity usually happens at the dining table. Thus, for activity recognition, knowing the rough area
information can significantly help reduce the training size and increase the sensing accuracy. Furthermore, the
long-term vitality information can be employed to infer a lot of useful high-level semantics about the target. For
example, frequent toilet visits and a very short sleep during the night different from the target’s usual routine are
signs for medical attentions.
In this paper, we use vitality to represent the information including in which area the target is staying and

whether the target is still or non-still. Although some approaches have been proposed to detect when the human
is non-still or locate the human target in the indoor environment based on the Wi-Fi signal, there are several
limitations preventing us from applying these approaches to obtain the human vitality information in practice.
Existing systems usually detect whether the human target is non-still based on the variance or correlation of
Wi-Fi signal in time domain [19, 28, 39, 42, 47]. These methods require significant amount of human efforts
in offline training and calibration to learn the difference between static environment (i.e. the target is still)
and dynamic environment (i.e. the target is non-still). To locate the target, most of existing systems employ
fingerprint-based solutions [1, 38, 48], which require labor-intensive offline training to build the fingerprint
database for localization. Angle-of-Arrival (AoA) based device-free localization solutions [20, 21] require careful
phase calibration to remove the random phase offset between two RF ports during startup. To the best of our
knowledge, there is still no such a platform which could detect when the target is non-still and in which area the
target is staying using cheap commodity Wi-Fi devices without any human effort in offline-training or calibration.

In this paper, we design WiVit, a device-free human vitality monitoring platform based on commodity Wi-Fi
devices, which could capture when the target is non-still and in which area the target is staying without human
intervention. In a typical home environment, there are one Wi-Fi access point and multiple Wi-Fi-enabled home
appliances such as TV, air conditioner, refrigerator, etc. WiVit utilizes the access point and the Wi-Fi-enabled
devices to form transmission pairs. WiVit is composed of two key components. First, the activity detection
module could detect human activities without offline-training or calibration. The key insight is that in an indoor
environment, Wi-Fi signals not only propagate along the direct path to the receiver, but also are reflected by
objects such as walls, furniture and the human body. The signal at the receiver is the superposition of signals from
all paths. This phenomenon is called multipath propagation. When the human target is not still, no matter walking
or just waving hands in-place, the target’s movements will cause changes in the length of the target’s reflected
path. During a short-time period, the path length change speed can be considered as a constant. The phase
readings of the reflected path signal also change at a constant speed accordingly. However, other path signals
reflected by the furniture and walls do not change. Thus, by capturing this constant phase change and estimating
the corresponding human reflected path change speed, which is only caused by the human movement and not
affected by other multipath signals, the human activity can still be clearly detected even when complex multipath
propagations exist. Second, the area detection module could identify which area the human is staying in without
any human intervention. The basic idea of this module is that we employ multiple Wi-Fi transceiver pairs to divide
the sensing space into multiple areas according to the geographical layout of the home environment. Each pair of
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Fig. 1. An example of WiVit platform deployment.

transceivers is the boundary of two adjacent areas. Figure 1 shows an example of WiVit platform deployment.
For each pair of transceivers, when the human is not still, besides the target’s moving speed, the change speed
of the human reflected path is also related to the target’s position. With multiple pairs of transceivers, we can
accurately estimate in which area the target is staying. To summarize, WiVit makes the following contributions:
(1) To the best of our knowledge, this is the first platform that is able to monitor the human vitality information

with commodity Wi-Fi devices without offline training and calibration. Meanwhile, our platform does not
require any dedicated sensor deployment nor require the target to wear any device on the body.

(2) By removing the effect of static multipath and only retrieving the target reflected path change speed from
the phase change of Channel State Information (CSI), WiVit could accurately identify when the target
is performing activities (even small scale in-place activities such as waving hands) without training or
calibration.

(3) Based on the relationship between the target reflected path change speed and the target’s position, our
platform could detect in which area the target is staying inside a multi-room environment in real-time.

(4) We carry out extensive experiments in three typical indoor environments to evaluate the performance
of WiVit. Experiments show that WiVit could detect the target activities at higher precision than 98% in
all three environments without any human intervention, demonstrating the robustness of WiVit against
environmental changes. Meanwhile, the area detection accuracy is close to 100%.

(5) We further show the potential applications of our platform in practice with two case studies. A short-
term activity recognition system is firstly developed upon our WiVit platform, and it reaches an average
recognition accuracy of 94.2%. We also take a feasibility study to show that the vitality information captured
by the WiVit platform is able to accurately reveal the unique characteristic of each long-term daily activity.
We believe that our platform can be utilized to provide valuable datasets to extract high-level semantics of
one’s different daily life facets, such as living habits, emotions and physical conditions.

The rest of this paper is organized as follows. Section 2 gives an overview of our platform design. Section 3 and
4 introduce the detailed design of our platform. Section 5 presents the implementation and experimental setup.
Section 6 shows the evaluation results. Section 7 shows the potential applications of our platform. Section 8
discusses the limitations and future directions. Section 9 introduces the related work followed by a conclusion in
Section 10.

2 PLATFORM OVERVIEW
WiVit is a device-free and non-intrusive human vitality monitoring platform. The platform employs existing
Wi-Fi transceiver pairs to divide the sensing space into several sub-areas according to the geographical layout of
the home environment. Figure 1 shows an example of such a division. The direct path of each pair of transceivers
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is the boundary of two adjacent areas. WiVit only leverages CSI samples available at commodity Wi-Fi devices
for human vitality monitoring and does not require any human intervention. Following is a brief description of
the key steps of WiVit platform:
(1) The first step is to detect whether the target is still or non-still. If the target is non-still, WiVit will record

the path change speed spectrum and calculate the path change speed of the target reflected path.
(2) When the target is non-still, WiVit will calculate the approximate human speed and determine whether

the target is walking or just performing in-place activities. Then, WiVit will detect which area the target is
staying in based on the estimated target reflected path change speeds.

(3) WiVit records the human target’s current status (still or non-still), area ID, approximate human speed
and the path change speed spectrum at each receiver. Based on these information, we can enable human
sensing applications on the platform such as activity recognition.

In the next two sections, we will present in detail how we detect human activity and obtain area information
without training or calibration.

3 HUMAN ACTIVITY DETECTION
In this section, we present in detail how WiVit could detect human activities based on the CSI information
without training or calibration. We first introduce the relationship between human activities and the Wi-Fi signal.
Specifically, the impact of human activities on Wi-Fi signals could be reflected as the CSI phase change in time
domain. Then, we describe how to retrieve this phase change from the raw CSI readings aiming for human
activity detection. At last, we carry out an empirical study to show that our human activity detection method can
work without any human intervention.

3.1 The Influence of Human Activity on Wi-Fi CSI
The CSI reading of Wi-Fi signal is composed of both the amplitude attenuation and phase information in each
subcarrier caused by signal propagation from the transmitter to the receiver. For only one path signal, the CSI
of the signal at time t0 can be represented as x(f , t0) = A0e

−j2π f τ0 , where A0 is the attenuation of the signal, f
is the carrier frequency and τ0 is the time delay due to propagation. In a typical indoor environment, however,
the signal does not only propagate along the direct path but also gets reflected by other objects such as walls,
furniture and of course the human target. Thus, the CSI at the receiver side is the superposition of all path signals:

x(f , t0) =
L∑
i=1

xi (f , t0) =
L∑
i=1

Aie
−j2π f τi (1)

where L is the number of paths, Ai is the attenuation, τi is the propagation delay and xi (f , t0) is the CSI of the ith
path signal at time t0. Among all path signals received, those signals that are only reflected from static objects,
such as furniture and walls, are defined as static path signals, and other signals, which are reflected by a non-still
target, are defined as dynamic path signals. Note that static path signals include both the direct path signal and
signals reflected from walls and furniture which do not change during the process of human activities. When the
human target performs activities in the environment, including walking and in-place activities such as waving
the hands, the path length of the human reflected signal changes as shown in Figure 2. Suppose the path length
change speed is vpath , after a short time period t , the CSI of the human reflected signal becomes:

xh(f , t0 + t) = Ahe
−j2π f (τh+

vpath t
c ) = xh(f , t0)e

−j2π f
vpath t

c (2)

where Ah is the attenuation and τh is the propagation delay of the human reflected signal at time t0, c is the
propagation speed of the Wi-Fi signal in the air. For a short time period t , the attenuation change is negligible.
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Fig. 2. The human reflected path length will change when the human is non-still.

The path length change is ∆lpath = vpatht and thus the propagation delay change is ∆τ = vpath t
c . In the real

world with multipath, we can rewrite Equation 1 as:

x(f , t0 + t) =
L∑
i=1

xi (f , t0)e
−j2π f vi t

c (3)

where vi is the length change speed of the ith path. If the ith path signal is reflected from a static object, vi is zero.
Here, we conduct a benchmark experiment to show the effect of a moving target on phase change. Figure 3(a)
shows the unwrapped Wi-Fi CSI phase1 when there is no moving human in the environment. Obviously, the
phase do not change with time because there is no dynamic path signal. Then, we let a volunteer walk towards
the direct path of the transceiver pair and then move away from the direct path. The target reflected path length
is expected to decrease first and then increase. Figure 3(b) shows the unwrapped Wi-Fi CSI phase during the
process of human movement. Figure 3(c) shows the unwrapped phase change after removing the static path
signals. It reflects the phase change of the target reflected path signal. Clearly, the phase of the target reflected
path signal changes in accordance with the target movement as expected.
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(a) Wi-Fi CSI phase in the static environment
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(b) Wi-Fi CSI phase when a human is moving
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(c) Wi-Fi CSI phase of target reflected signal

Fig. 3. (a) shows the unwrapped Wi-Fi CSI phase of a pair of transceivers when the environment is static; (b) shows the
unwrapped Wi-Fi CSI phase when a person moves towards the direct path of the transceiver pair and then moves away
along the midperpendicular; (c) shows the unwrapped Wi-Fi CSI phase after removing static path signals as described in
Section 3.2, which reflects the phase change of the target reflected path signal.

1This is the phase after removing the random phase offset as described in Section 3.2.
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3.2 Human Activity Detection on Commodity Wi-Fi Devices
Consider the situation when there is only one human reflected path signal at first. When the human target is
non-still, the path change speedvpath can be considered as a constant in a short time period. Based on Equation 2,
the phase change of the CSI reading is also a constant. Other path signals, which are not reflected by the human
target do not change with time and will not induce any CSI phase change. Thus, if we can detect such a constant
CSI phase change, we know that there exists a dynamic human reflected path signal, and we can further detect
the human activity.
Assume we receiveM CSI samples in a short time window with each sample timestamped at a microsecond-

level precision2. If we consider a single path signal, the phase difference between the ith CSI sample and the first
sample is e−j2π f

v∆ti
c , where ∆ti is the sampling interval between these two samples and v is the path change

speed. The phase differences of theM samples compared to the first CSI sample can thus be expressed as:

®a(v) = [1, e−j2π f
v∆t2
c , e−j2π f

v∆t3
c , . . . , e−j2π f

v∆tM
c ]⊤ (4)

which is termed as speed vector. If the path change speed v is non-zero, the path signal is a dynamic path signal
and ®a(v) is the corresponding constant CSI phase change across time. If the path is a static path, v is zero and
there is no CSI phase change. With this speed vector, based on Equation 3, theM CSI samples can be represented
as:

X(f ) = [x(f , t0),x(f , t0 + ∆t2), . . . ,x(f , t0 + ∆tM )]⊤

=

L∑
i=1

®a(vi )xi (f , t0) + N (f )

= [®a(v1), ®a(v2), . . . , ®a(vL)][x1(f , t0),x2(f , t0), . . . ,xL(f , t0)]
⊤ + N (f )

= AS(f ) + N(f ) (5)

where N (f ) is the noise matrix, ®a(vi ) is the speed vector of the ith path signal, A = [®a(v1), . . . , ®a(vL)] is the speed
matrix and S(f ) = [x1(f , t0), . . . ,xL(f , t0)]

⊤ is the signal matrix. With M CSI samples, if we can calculate the
vector ®a(v) for each path signal and detect a non-zero path change speed, we know the human is non-still (either
moving or performing some activities).

To estimate the vector ®a(v) for each path signal, we apply the MUSIC algorithm [32] on Equation 5. The basic
idea of MUSIC algorithm is eigenstructure analysis of theM ×M correlation matrix Rx of the receivedM CSI
samples. From Equation 5, we obtain RX as:

RX = E[XXH]

= AE[SSH]AH + E[NNH]

= ARSAH + σ 2I (6)

where RS is the correlation matrix of the signal matrix S, I is an identity matrix and σ 2 is the variance of
noise. The correlation matrix RX has M eigenvalues. The eigenvectors corresponding to the smallest M − L
eigenvalues construct a noise vector subspace EN = [®e1, ®e2, . . . , ®eM−L], and the other L eigenvectors construct
a signal subspace ES = [®eM−L+1, ®eM−L+2, . . . , ®eM ]. The signal and the noise subspaces are orthogonal. If a path
signal exists, the corresponding speed vector is orthogonal with the noise subspaces. Thus, the speed spectrum
function is expressed as:

P(v)MUSIC =
1

®aH(v)ENENH ®a(v)
(7)

2This is supported by commodity Wi-Fi cards such as Intel 5300.
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in which a peak corresponds to a signal and occurs at the corresponding path change speed.
However, to obtain the path change speed spectrum with commodity Wi-Fi devices, one more challenge

needs to be addressed. The commodity Wi-Fi transceivers are not tightly synchronized with each other. So a
time-variant random phase offset e−jθof f set (t ) exists between two adjacent CSI samples, which distorts the CSI
phase change in time domain and prevents us from getting the right speed spectrum estimation, as shown in
Equation 8:

x(f , t0 + t) = e−jθof f set (t )
L∑
i=1

xi (f , t0)e
−j2π f vi t

c (8)

Fortunately, we find that the time-variant random phase offsets are the same across different antennas on a
same Wi-Fi card because they share the same RF oscillator. Therefore, we can apply conjugate multiplication
between the CSI readings from two antennas to remove this time-variant phase offset. Meanwhile, we also remove
the static component and adjust the weight of the antennas as described in [21] to ensure accurate spectrum
estimation.
After this processing, we could obtain the path change speed spectrum based on Equation 7, as shown in

Figure 4(a) and Figure 4(b). Since we have removed all static path signals, there is no real peak on the spectrum
when the human is still. The height (i.e. spectrum power) of each peak represents the degree of orthogonality
between the signal subspace and noise subspace, and can be considered as the probability of the existence of a
path signal. The spectrum power of a real peak, which corresponds to a real path signal, is much higher than
those small pseudo peaks. We carry out benchmark experiments to demonstrate this. We ask a person to hold
his breath and keep still for 5s to ensure all path signals are static. Then, we ask the person to keep non-still for
another 5s . Figure 4(c) shows the cumulative distribution function (CDF) of the absolute power of the highest
peak on the spectrum when the target is still and non-still. We take the 90th percentile of power (pt ) when
the person is still to represent the power level of the pseudo peaks. Meanwhile, we take the 10th percentile of
power (pm ) when the person is non-still to represent the power level of the real peaks. We can see that there is
a clear gap between the two values (pt and pm) so a simple threshold can be applied to easily identify the real
peaks. WiVit platform employs the pt as the threshold for human activity detection.

3.3 Robustness of Human Activity Detection
Human activity can thus be detected based on the spectrum power. If the power of the highest peak is larger
than the threshold pt , then the human target is considered to be non-still. The path change speed, at where the
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(a) Speed spectrum when the target is non-still
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(b) Speed spectrum when the target is still
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Fig. 4. (a) is a path change speed spectrum when the target is non-still; (b) is a path change speed spectrum when the target
is still; (c) is the CDF of highest peak’s power when the target is still and non-still.
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highest peak occurs, is the target reflected path change speed. As the constant phase change caused by human
movement can not be induced by environmental changes and noise, the spectrum power obtained is not affected
by environmental changes or noise either. Here, we carry out an empirical study to show the robustness of the
spectrum power.

We place a pair of Wi-Fi transceivers at different locations in two different environments: one multi-room home
and one office room. In both environments, there are furniture and electronic appliances which can generate
multipath. Thus, when Wi-Fi transceivers are placed at different locations, the transceivers have significantly
different multipath propagations. For each location, we let a human target hold his breath and keep still for 5s and
record the power of the highest peak to get the pt value. We also let the same human target keep non-still for 5s
and record the power of the highest peak to get the pm value. Figure 5(a) shows the pt and pm values at different
locations in these two environments. We can see that there is a clear gap between pt and pm curves. Meanwhile,
we can see that the threshold pt is stable across different transceiver locations and different environments. This
means that we do not need to adjust the pt value even when there are environmental changes.
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Fig. 5. (a) shows the power level of real and pseudo peak in different multipath environments (i.e. the positions of devices).
The position 1-7 are in the smart home and position 8-11 are in the office room; (b) shows the power level of real and pseudo
peak on different devices; (c) shows the power level of real and pseudo peak in different days.

We further evaluate the robustness of the threshold pt against hardware diversity. We put different Wi-Fi
devices at the same position as the receiver and repeat the experiments mentioned above. Figure 5(b) shows the
pt and pm values for different devices and we can clearly see that the threshold pt is stable and the gap between
pt and pm is also clear. We also evaluate the stability of pt for a long term. We keep WiVit running continuously
for 14 days and record the spectrum power at the same time. The results are shown in Figure 5(c). The threshold
pt value is still stable.

So we can conclude that the spectrum power threshold pt for human activity detection is stable across different
environments, devices and time periods. Thus, we can detect human activities without any human intervention.
For the human activity detection module of WiVit, the detection threshold is initialized with a default value3.
Meanwhile, in order to improve the detection accuracy, the platform will update the threshold value automatically
when it detects still status of a target for longer than 5s . The new threshold is updated with the new pt obtained
in the latest 5s when the target is still.

3The default value is set as -3.97.
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4 AREA DETECTION
In this section, we describe in detail how WiVit identifies which area the target is located without any offline
training or calibration. We first introduce the relationship between the target reflected path change speed and the
target’s position. Then, we propose a method to directly calculate which area the target is located based on the
path change speeds. At last, we introduce how WiVit could segment when the target is walking in a continuous
activity sequence for accurate area detection.

4.1 The Relationship between Human Target’s Position and Path Change Speed
For a pair of Wi-Fi transceivers, we can assume the human target is located at an ellipse with foci at the transmitter
and receiver, as shown in Figure 6. The human speed can be decomposed into two parts: the normal speed and
the tangent speed. The tangent speed is parallel to the ellipse and does not change the length of human reflected
path. The normal speed is perpendicular to the ellipse and will cause changes in path length. When the human
target is at different positions but with the same human speed, the normal speed will be different and thus will
cause a different path length change speed. If we know the positions of the Wi-Fi transceivers ( ®Ptx and ®Prx ), the
relationship between the target’s position ( ®Ph ) and the path length change speed can be expressed as:

vpath = ®vh ·
®Ph − ®Ptx

∥ ®Ph − ®Ptx ∥
+ ®vh ·

®Ph − ®Prx

∥ ®Ph − ®Prx ∥
(9)

where ®vh is the human speed.

RXTX

tangent

normal

Human 
speed

Normal human 
speed

Tangent human 
speed

Fig. 6. The relationship between the human speed and the human reflected path change speed.

4.2 Speed-based Area Detection
Based on Equation 9, if we know the human speed, with more than one pair of Wi-Fi transceivers whose positions
are known, we can calculate the human target’s position. However, in reality, we also do not know the human
speed. To solve this problem, based on the geographical layout of the home environment, we utilize multiple
pairs of Wi-Fi transceivers to divide the monitoring space into several areas. The direct path between a pair of
transceivers is the boundary of two areas. Figure 1 shows a deployment example of WiVit platform. Based on the
target reflected path change speed estimated on these receivers, WiVit can accurately identify in which area the
target is staying.
The basic idea of area detection is that, we first assume the target is staying in a particular area say the zth

area, we can then calculate the approximate human speed based on the path change speeds at the two receivers
on the boundary of the area, such as the receiver 1 and 2 for area 1 in Figure 1. The target movement also
induces non-zero path change speeds at other receivers. With the human speed estimated by assuming the target
is located in area z, we can calculate the expected target reflected path change speeds at other receivers. On
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the other hand, the actual target reflected path change speeds can also be calculated with measured CSI phase
changes. We now obtain two copies of path change speeds at each other receiver and we compare the two copies
of speeds. If the initial assumption that the target is located in the zth area is correct, these two copies of path
change speeds will match very well. Otherwise, our assumption is not correct and we continue to assume the
human target is located in another area and repeat the process above. The detailed steps are shown as below:
(1) Approximate human speed estimation in each area. For a specific area, we assume the target stays

at the center of the area. Based on Equation 9 and the target reflected path change speeds at two receivers
on the boundary of the area, we can calculate the human speed. However, since the target can be at any
location in the area and may not be at the center, this estimated speed is an approximate speed.

(2) Current area status estimation.Assuming the target is staying in the zth area, we obtain the approximate
human speed in step 1. From the obtained approximate speed, we can calculate the expected target reflected
path change speeds at other receivers excluding the two receivers selected in step 1. On the other hand,
we can also employ the measured phase changes at other receivers to directly get the path change speeds.
If the two copies of path change speeds match well, we can conclude our assumption is correct and the
target is located in the zth area. We define the possibility the target is located in the zth area as Probz and
calculate its value as below: :

Probz =
K∑

i ∈Dz
(vi − v̂z,i )2

(10)

where Dz is the set of receivers which are not used to calculate the approximate human speed in the zth
area; K is the number of receivers in set Dz ; vi is the target reflected path change speed directly obtained
from the CSI phase measurement at the ith receiver and v̂z,i is the expected change speed calculated with
the approximate human speed estimated in the zth area. In this way, we can get the probability for each
area and then choose the one with the highest probability as the human target’s staying area.

(3) Enhance the accuracy of area detection.When the target moves to another area, he/she will cross over
the direct path, which is the boundary of two adjacent areas. Throughout this process, the target moves
towards the direct path first, crosses over and then moves away. Thus, the target reflected path change
speed at the receiver will be negative first, change to zero, and finally become positive. To improve the area
detection accuracy, WiVit only updates the human area status when such a change pattern of the path
change speed is detected at the boundary receiver.

With the above three steps, WiVit can detect which area the target is staying in without any offline training or
calibration.

4.3 Walk Detection for Accurate Area Detection
However, when the target is not walking but only performing in-place activities, the path change speed caused
by the target’s movement is small and irregular. Meanwhile, the target will not move to another area during
performing in-place activities. Thus, the WiVit platform detects which area the target is staying in based on the
path change speeds only when the target is walking.
To distinguish in-place activities and walking, the basic idea is that when the target is performing in-place

activities, the target’s position only varies in a small range. On the other hand, the target’s position has much
larger change during walking. Based on the approximate human speed, WiVit can calculate the approximate
human displacement and obtain the target’s position sequence. Within a time window, WiVit can obtain many
position estimations and employ a circle to cover all these positions. The diameter of this circle indicates the
range of the position changes within this time window. We can then set a threshold. If the diameter is larger than
the threshold, we can identify the target is walking but not performing in-place activities. For WiVit platform,
the window size is set as 2s and the diameter threshold is 0.8m. We ask a volunteer to walk for a short period
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(b) Diameter of human position change in 2s

Fig. 7. Comparison between the approximate human speed and the diameter of human position change: (a) shows the
approximate human speed with three times of human walking; (b) shows the corresponding diameter of human position
change in each 2s time window and the moving step is 0.05s .

of time for three times. Between two adjacent walks, the volunteer either performs in-place activities freely or
keeps still for a while. We present the results in Figure 7 and we can see that the diameter plot is much smoother
than human speed plot. It will be more accurate to identify walking according to the diameter of the human
displacement. Thus, we adopt human displacement for walk detection.

5 EXPERIMENTAL SETUP
We employ miniPCs equipped with cheap off-the-shelf Intel 5300 Wi-Fi cards as the transmitter and receivers.
Each receiver is attached with two antennas. The CSI tool developed by Halperin [10] is installed on these
miniPCs to collect CSI samples of each received packet. The sampling rate of CSI for WiVit platform is 200 Hz.
For each path change speed estimation, we employ CSI samples collected over a period of 0.3s . Each receiver
calculates the path change speed spectrum with the received CSI samples and sends the spectrum to a server for
human vitality computation in real time. WiVit platform can be hosted on any channel on the 2.4 and 5 GHz
bands. To avoid interference from ongoing data communication, we employ an unused 20 MHz channel on the
5 GHz band. Also any type of Wi-Fi packet including beacons can be employed for our platform. Thus, WiVit
platform has a minimum impact on the existing Wi-Fi data communication. When we deploy our WiVit platform,
we measure the positions of Wi-Fi transceivers carefully with a laser range meter.

To evaluate the performance of WiVit platform, we conduct experiments in three typical indoor environments:
a large empty room, a large office room and a real multi-room smart home, with dimensions labeled as shown in
Figure 8. In the office room and multi-room smart home, there are many furniture and electronic appliances so
rich multipath exists. For activity detection, WiVit only needs one receiver to capture the path change speed
incurred by the target’s activities. Thus, in each room/area, one receiver is enough and WiVit could detect when
the target is non-still accurately. For area detection, WiVit needs at least two receivers in each room/area to
capture the complex path change speed incurred by the target’s movements. Therefore, in the empty room and
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Fig. 8. Experiment environments: (a) is an empty room and each area is 3.5m × 4m; (b) is an office room, in which area 1
is 3.5m × 4m, area 2 is 4m × 4m, area 3 is 3.5m × 5m and area 4 is 4 × 5m; (c) is a smart home, in which the bedroom 1 is
4.2m × 4.9m, the bedroom 2 is 5m × 4.9m, the dining room is 4.2m × 4m and the living room is 5m × 4m.

Table 1. Information about different volunteers

Volunteer ID Gender Age Height [cm] Weight [kg]
1 Male 29 183 102
2 Male 27 172 78
3 Female 24 158 54
4 Female 27 164 52
5 Female 23 170 61

office room, we use 1 transmitter and 4 receivers to divide the sensing space into 4 areas. In the multi-room smart
home, we employ 5 receivers to divide the home into 4 areas: two bedrooms, a dining room and a living room. As
shown in Figure 8, we place each receiver at the corner of an area to ensure the line-of-sight (LoS) path is the
boundary of two adjacent areas. To evaluate the performance of WiVit, we ask 5 volunteers who are graduate
students in our lab to be our experimental subject. Table 1 shows the basic information of these volunteers. In
order to evaluate the robustness of WiVit platform for long-term sensing, we keep the platform running for 14
days continuously in the smart home environment. For basic vitality status sensing evaluation, each participant
could freely walk, move across areas, keep still and perform in-place activities in all the four areas. For each
experiment, we only require the participant to keep still, walk around and perform in-place activities in each area
at least once. We do not apply any other restriction on the participants. In the smart home environment, the total
recorded number of activities is 3427, including 2015 walkings (756 area changes). In the office room, the total
number of activities is 410, including 240 walkings (120 area changes). In the empty room, the total number of
activities is 373, including 204 walkings (100 area changes). In each environment, we employ cameras to record
all the targets’ activities as the ground truth. Figure 9 shows the graphical user interface of WiVit platform which
shows both the ground truth and the human status sensed by the platform.

6 BASIC VITALITY STATUS SENSING
In this section, we evaluate the performance of WiVit for human vitality status sensing, including activity
detection, walk detection and area detection. For area detection, we plot the area ID sequence detected during the
monitoring process and compare it with the ground truth. For activity detection and walk detection, we employ
two commonly used metrics precision and false negative rate (FNR) to show the performance. We formally define
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Fig. 9. Graphical user interface of WiVit platform.

the two metrics as below:

precision =
TruePositive

TruePositive + FalsePositive
(11)

FNR =
FalseNeдative

TruePositive + FalseNeдative
(12)

6.1 Human Activity Detection
6.1.1 Overall Performance. In the multi-room smart home environment, we keep WiVit platform running

for 14 days and evaluate the performance of long-term human activity detection. When the target is moving,
the status is non-still. If the target is not moving but performing in-place activities such as waving the hands,
the ground truth is also non-still; otherwise the ground truth status is still. Table 2 shows the performance of
activity detection of WiVit platform. Without any human intervention, the precision of human activity detection
is about 98% and FNR is about 1%. These results demonstrate that our human activity detection module is robust
for long-term human sensing.

Table 2. Performance of human activity detection in different days

Day ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Precision [%] 98.8 97.6 98.9 98.8 97.8 98.1 98.5 99.1 97.6 97.8 98.3 99.3 97.2 97.7
FNR [%] 1.15 1.75 1.38 0.98 0.88 0.91 0.89 1.44 1.32 1.69 1.04 0.89 1.28 1.35

6.1.2 Impact of Human Diversity. To evaluate whether WiVit has a consistent performance for different human
targets, we collect activity data of 5 volunteers in the multi-room smart home. Table 3(a) shows the precision and
FNR for different participants. We can see that, for different participants, WiVit could achieve activity detection
precision higher than 97% and FNR lower than 1.97%.

6.1.3 Impact of Different Environments. We also evaluate the platform performance in different indoor envi-
ronments. Table 3(b) shows the precision and FNR of activity detection in an empty room, an office room and a
multi-room smart home, respectively. Although there are much more multipath in the office and multi-room
smart home than in the empty room, the performances of activity detection are similar. The results demonstrate
the robustness of our platform against environmental changes.
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Table 3. Impact of different participants and environments for human activity detection

(a) Impact of different participants

Participant 1 2 3 4 5
Precision [%] 97.9 97 98.1 97.4 97.6
FNR [%] 0.97 1.57 1.97 1.24 1.49

(b) Impact of different environments

Environment Empty room Office room Smart home
Precision [%] 98.9 97.8 98.3
FNR [%] 1.49 1.34 1.28

Table 4. Performance of human activity detection for different daily activities

Daily activity Sleep Eat Watch TV Clean
Precision [%] 99.1 97.4 98.2 99.6
FNR [%] 0.88 1.31 1.23 0.18

6.1.4 Impact of Different Activities of Daily Living. Moreover, in order to evaluate the performance of different
activities of daily living, we ask the volunteers to perform 4 types of activities in the smart home: sleeping, eating,
watching TV and cleaning the floor. Note that during the process of a daily activity, the participant does not keep
non-still all the time, but switches between still and non-still alternatively. For example, when the participant is
sleeping, he is still most of the time but non-still when he adjusts the posture. As shown in Table 4, for different
daily activities, WiVit could always achieve a consistent good performance for activity detection.

6.2 Human Walk Detection
Table 5 shows the overall performance of walk detection when the human is non-still. The precision of walk
detection is around 96% and the FNR is 5%. In real life, some non-walking activities can be detected as walking.
For example, when the participant sits down, the torso has a large displacement in a short time. This displacement
is similar to the torso displacement when the human is walking. Moreover, some miss detections may also occur
when the participant is walking. This is because when the participant turns his/her body to change the walking
direction, the absolute displacement is very small so WiVit may identify this movement as in-place activities
rather than walking.

We further evaluate the performance of walk detection with different participants in different environments. As
shown in Table 6(a) and Table 6(b), WiVit could achieve consistent high precision of walk detection for different
participants and in different environments.

6.3 Human Area Detection
To evaluate the area detection performance, we compare the area detection results with the ground truth. The
ground truth is obtained by using cameras. In the empty room, each area has the same size of 3.5m × 4m. In the
office room, area 1 is 3.5m × 4m, area 2 is 4m × 4m, area 3 is 3.5m × 5m and area 4 is 4m × 5m. The total space
of the smart home is 82m2 and is divided into 4 rooms. The size of bedroom 1 is 4.2m × 4.9m, the bedroom 2 is
5m × 4.9m, the dining room is 4.2m × 4m and the living room is 5m × 4m.

Table 5. Performance of human walk detection in different days

Day ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Precision [%] 96.3 96.7 94.4 95.6 96.4 97.4 96.5 95.6 94.8 97.8 96.1 97.5 94.5 95.9
FNR [%] 4.45 4.96 6.39 5.65 5.79 6.46 4.62 5.12 5.63 4.96 4.18 6.98 5.24 5.36
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Table 6. Impact of different participants and environments for human walk detection

(a) Impact of different participants

Participant 1 2 3 4 5
Precision [%] 96.9 95.6 94.4 97.2 96.8
FNR [%] 5.44 4.67 5.21 4.36 5.89

(b) Impact of different environments

Environment Empty room Office room Smart home
Precision [%] 94.9 95.5 96.12
FNR [%] 4.85 5.07 5.36
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Fig. 10. Performance of area detection in different environments.

Figure 10 shows the accuracy of area detection in different environments. In each environment, WiVit could
correctly identify which area the participant stays in and when the participant moves to another area. Note that,
compared with the ground truth, the time points when the human changes area estimated by WiVit have a short
latency. This is because our platform requires buffering several CSI samples before estimating the path change
speed.

6.3.1 Possibility of Reducing the Number of Devices for Area Detection. In this paper, we divide the sensing
space into 4 areas and each area is bounded by two transceiver pairs (streams). In real world, some houses may
have more rooms and a more complex floorplan with corridors/turns. In these houses, to capture the target
information in the corridor/turn and each room, the easiest approach is to deploy more Wi-Fi devices to make
sure each room/corridor/turn is bounded by two streams. However, this approach requires a high deployment
density. We further observe that, even sometimes when two rooms are covered by only two streams, based on
the signal strengths at different receivers, it is still possible for us to decide which room the target is staying in
without deploying more Wi-Fi devices. The same concept can also be applied to detect whether the target is in
the corridor/turn.

As shown in Figure 11(a), we use two transceiver pairs (streams) to bound an area which contains two rooms.
We deploy the transmitter and receivers at corners of the area and there is no receiver placed at the boundary of
the two rooms. We ask a volunteer to keep still in room 2 for a while at first and then move around for a moment
before move into room 1. Figure 11(b) shows the path change speed spectrums at the two receivers during the
process. When the target keeps still, there is no dynamic path signal on the spectrums. When the target stays in
room 2 and keeps moving, both of two receivers could detect the human movement on the spectrum. But when
the target stays in room 1 and keeps moving, only the receiver 1 (RX1) could detect the human movement on the
spectrum. This is because the target reflected signal to receiver 2 (RX2) is blocked twice by the wall so that the
signal is too weak to be sensed. However, the target reflected signal to receiver 1 (RX1) is only blocked once by
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Fig. 11. (a) shows the layout of an area contains two rooms; (b) shows the path change speed spectrums of two receivers
when the target stays in the area.
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Fig. 12. (a) shows the layout of an area contains a corridor (the sub-area 2); (b) shows the path change speed spectrums of
two receivers when the target stays in the area.

the wall so that the human movement can still be detected on the spectrum of receiver 1. Thus, based on the
sensibility of different receivers, we can decide which room the target is staying in.
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As shown in Figure 12(a), we use two transceiver pairs (streams) to bound the area 1, which contains a corridor
(the sub-area 2), to show how to deal with complex floorplan with corridors/turns. Figure 12(b) shows the path
change speed spectrums of the two receivers when the target stays in the area. When the target keeps still in
the sub-area 1, there is no dynamic path signal existing on the spectrums. When the target moves around in the
sub-area 1, both of the two receivers could detect the human movement. On the other hand, when the target
stays in the sub-area 2 and moves, the receiver 2 (RX2) cannot detect the target’s movement on the spectrum.
This is because the target reflected signal to receiver 2 is blocked by two walls so the reflected signal is too weak
to be sensed. Thus, based on the signal changes at different receivers, we can decide when the target moves to
the sub-area 2 (corridor) without deploying any extra Wi-Fi device.
Although we can locate the target in a larger and more complex area without deploying more Wi-Fi devices,

we should note that this convenience is achieved at the expense of losing some important sensing information.
For example, when the target stays in the sub-area 2 as shown in Figure 12(a), we will lose the speed information
about the target at receiver 2. In the future, we plan to employ LoRa which is designed for the next generation
IoT connections. The communication range of LoRa can be much larger so 1 to 2 transceiver pairs are able to
cover a larger and more complex area.

7 USE CASE STUDY

7.1 Use Case 1: Human Action Recognition
Human activities could be divided into short-term actions and long-term activities of daily living [8]. The term
“action” is the physical action of a user and typically lasts for a short duration of time, such as sitting down,
falling, etc. In this section, in order to show the potential applications of our platform, we choose 4 basic and
commonly seen human actions (walking, running, sitting down, and falling) and develop an activity recognition
system on our WiVit platform to recognize them. As described in Section 3, WiVit platform is able to obtain the
path change speed spectrum at each receiver. Based on Equation 3, the received signal is the superposition of
all path signals at the receiver. Thus, if two parts of human body move at different speeds, there will be two
dynamic path signals with different path change speeds on the spectrum. For different activities, the moving
speed characteristics of the human body are very different [40]. With the path change speed spectrum, we can
build activity model to recognize different activities.
For activity recognition, we use Hidden Markov Model (HMM) to build the activity model for each activity.

For an activity sample, we use a sequence of feature vectors to represent the whole process. The feature vector is
extracted from the path change speed spectrum at the receiver. We divide the path change speed range 0m/s to
4m/s into 20 components equally. The power of each component is the sum of spectrum power of all speeds in
that component. Thus, for each spectrum estimation, we can get a 20-dimensional feature vector. Our platform
outputs a spectrum estimation each 50ms . Moreover, since an area is bounded by two receivers, for an activity
sample, we will get two sequences of feature vectors. Based on the well-known Baum-Welch algorithm [43], we
can construct an HMM for each activity with the training samples of that activity. During the training phase, we
use both sequences of feature vectors of each activity sample to learn the activity model. During the classification
phase, we apply Likelihood Fusion [40] to combine the two sequences of feature vectors of an activity sample for
classification. In the smart home environment, we collect 200 samples (50 samplers per area) for each activity.
These samples are collected from the 5 volunteers in Table 1, and they serve as the training dataset. In the
empty room and office room, respectively, we collect 40 samples (10 samples per area) for each activity from two
new volunteers, whose data is not in the training dataset, to evaluate the robustness of our activity model for
untrained environments and human targets. Note that, although the activity recognition system requires training
the activity model, the required information for action segmentation (when the target is non-still) and feature
extraction (path change speed spectrum) can be provided by our platform without training or calibration.
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Fig. 13. The recognition accuracy of 4 actions: walking (W), running (R), sitting down (S) and falling (F).

We evaluate the performance of activity recognition in terms of recognition accuracy, which is calculated as
the number of correctly recognized activities divided by the total number of activities performed. As shown in
Figure 13, in the smart home, the average 10-fold cross-validation accuracy is 94.2% across all activities. In the
untrained environments with untrained new targets, the average accuracy is 84.7%.

7.2 Use Case 2: Real Life Human Vitality Sensing
Moreover, we also carry out a feasibility study about monitoring long-term activities of daily living based on our
WiVit platform. We ask the 5 volunteers in Table 1 to live in the smart home for several hours everyday. During
their staying, each participant is asked to perform 4 types of daily activities freely: sleeping, eating, cleaning the
floor and watching TV. Among the 4 types of daily activities, 56% of the time is sleeping, 12% is eating, 24% is
watching TV and 8% is cleaning the floor. Then we extract the vitality information captured by WiVit for these
daily activities.

7.2.1 Basic Information of Human Vitality. Figure 14(a)-14(c) show the basic human vitality information,
including the activeness status, human speed information and the area detection results, obtained from an actual
daily life scenario over 90 minutes. In this scenario example, the participant sleeps in bedroom 1 (i.e. area 1) first
and then walks to the dining room (i.e. area 3) for a meal. After eating, the participant walks to the living room
(i.e. area 4) and watches TV. After watching TV, the participant cleans the floors of all rooms. Based on the basic
information shown in Figure 14, we can further obtain the human vitality statistics about daily activities. In
this paper, we focus on 3 human vitality statistics: (i) human active rate, which is the fraction of time when the
participant is non-still; (ii) area staying rate, which is the time fraction of the participant stays in each area; and
(iii) average approximate human speed, which indicates how fast the human body moves when the participant is
non-still.

7.2.2 Human Vitality of Different Daily Activities. We first carry out experiments to study the human vitality
of different daily activities. Based on the long-term daily activity data collected in the smart home, we calculate
the human vitality statistics for different activities. As shown in Figure 15, the human vitality statistics clearly
show the differences between different daily activities. For sleeping and watching TV, the human active rate is
very low. It is because the human keeps still most of the time when lying on the bed or sitting on the sofa. Only
when the participant adjusts the body posture or position during sleeping or sitting, non-still human activity
can be detected. However, for sleeping, the human stays in the bedroom (i.e. area 1) while for watching TV, the
human is in the living room (i.e. area 4). When the participant is eating, the participant is at the dining room (i.e.
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Fig. 14. Basic human vitality information: (a) shows the human activeness status of an actual daily life scenario; (b) shows
the area status and (c) shows the approximate human speed.

area 3) and the active rate is much higher than sleeping and watching TV as the human needs to continuously
move his hands for eating. However, the movement speed is quite low. When the participant is cleaning the
floor, the participant has the highest active rate among the four activities. Meanwhile, the average human speed
is much higher than other three activities as shown in Figure 15(b). Moreover, for cleaning, the human moves
across all four areas.

7.2.3 Human Vitality of Different Participants. We also study the captured human vitality of different partici-
pants in this section. As the active area is exactly the same for different participants, we only compare the active
rate and average human speed across different participants. As shown in Figure 15(a) and 15(b), for most daily
activities, different participants have very similar vitality statistics except for eating activity. For eating activity,
two participants have lower active rates and speeds than others. This is because that the two female volunteers
are gentler than others during eating.

7.2.4 Human Vitality of Different Repetitions. Finally, we would like to study the human vitality of different
repetitions for the same activity. In Figure 16, we show that the active rate and average human speed of different
repetitions for eating. The data is collected from two volunteers and each performs the eating action for 5 times
in different days. Even for the same participant, in different repetitions, the active rate and human speed have
slight differences. However, the active rate and human speed of the eating activity are still much higher than
sleeping and watching TV and lower than cleaning floors as shown in Figure 15.
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Fig. 15. Human vitality statistics for different activities and participants.
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Fig. 16. Human vitality statistics for different repetitions of the eating activity.

8 DISCUSSION
In this work, we design an indoor human vitality sensing platform that is device-free and utilizes only commodity
Wi-Fi devices. We hope this platform could provide support for a variety of Wi-Fi based device-free sensing
applications. There are several directions to further extend our work, which we discuss below.

Multi-person vitality sensing. Passive or device-free sensing of multiple targets is known to be challenging.
When there are multiple persons, if only the target is non-still, our platform could still capture the target’s
vitality information accurately. If there are more than one non-still person, the signal received at the receiver is a
superposition of dynamic reflected signals from different persons. Due to the small Wi-Fi bandwidth (20MHz),
distinguishing mixed signals at commodity Wi-Fi devices is still a big challenge and we consider it as one
important direction of our future work. We may consider channel hopping to multiple channels and combine
information from multiple channels to form a virtual larger channel to address this issue.

More human daily activity dataset. As we need deploy cameras in each room to record the ground truth, which
poses severe privacy concerns, WiVit is only deployed in a smart home environment to record daily activities
performed by volunteers. In the future, we plan to deploy our WiVit platform in real home environments and
record human daily activities for months.

Other moving objects in the environment. In the indoor environment, besides the human target, there are also
other objects which may generate dynamic reflected path signals, such as pets and electric fan. The moving
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object with a constant speed, such as the electric fan, will incur a dynamic reflected path signal with a fixed path
change speed. On the other hand, the path change speed induced by the human target changes with time. Thus,
the interference from a constant-speed moving object can be mitigated by removing the component with a fixed
path change speed. However, the dynamic reflected path induced by a moving pet is similar to that caused by a
moving human. Distinguishing dynamic reflected path signals incurred by a moving pet and a non-still human
target is still challenging and it will be an important part of our future work.

Supporting more Wi-Fi based device-free applications. Besides activity recognition, the vitality information
captured by our platform could also be used for other Wi-Fi based device-free applications. For example, Wi-Fi
signal can also be used for human respiration monitoring [22, 35]. The subtle movement of human chest incurred
by the respiration will also make the target reflected path length change. We believe the path change speed
spectrum estimated by our platform may be used for fine-grained respiration sensing in the future. Moreover, if
we want to monitor the sleep respiration, our platform could detect whether the target is sleeping in the bedroom
as a trigger of human respiration detection. In the future, we plan to develop more sensing applications on top of
our platform to provide richer sensing information about the target without any extra deployment.

9 RELATED WORK
Our work is broadly related to research in the areas of indoor human motion detection and localization. Over
the years, many different indoor human sensing technologies have been developed including camera [5, 7, 26],
sound [24, 41], radio frequency [2, 27], inertial sensors [4, 45], infrared [11, 14], visible light [13, 17], ambient
sensors [6, 12, 23, 25, 30] and passive infrared (PIR) motion sensor [34, 53]. Camera-based technologies require
good lighting conditions and raise privacy concerns. Sound-based technologies are vulnerable to acoustic noise
and the coverage area is limited. Inertial sensor-based methods require the target to carry or wear a device
for sensing. Dedicated infrastructure is needed for infrared based system while visible light only works in LoS
scenarios. Ambient sensor based solutions usually require a dense deployment which incurs high costs for
installation and maintenance. Compared with PIR motion sensor, our platform not only could detect when the
target is non-still and which area the target is staying in, but could also capture the movement speed characteristics
of the human target, which enables more fine-grained sensing applications. Moreover, Wi-Fi signal has already
been used for respiration detection [22, 35], gesture recognition [18, 18], etc. We can further build these sensing
applications on top of our platform to provide more sensing information without any extra device. Therefore, in
this work, we focus on device-free human vitality sensing using the commodity Wi-Fi devices that already exist
at home. We discuss the most related research works here.

9.1 Wi-Fi Based Indoor Localization
In the last few years, Wi-Fi based indoor localization draws a lot of attention from both academia and industry.
Many Wi-Fi based localization systems have been developed, including both device-based and device-free
solutions. For device-based solutions, earlier works mostly utilize RSSI (Received Signal Strength Indicator) and
achieve meter-level accuracies [3, 51]. Recently, adopting CSI and antenna array, decimeter-level localization has
been achieved [16, 49]. However, these solutions require the target to hold a device for localization.

Since Youssef et al. [52] introduced the concept of device-free localization in 2007, many device-free localization
systems have been proposed. Nuzzer [33] and Ichnaea [31] use the RSSI signature as a fingerprint for localization.
Pilot [48] and MonoPHY [1] systems employ the finer CSI information as the fingerprint to improve the accuracy.
LiFS [38] utilizes fresnel model to improve the accuracy of localization when the target is on the LoS path of the
transceivers. Most of these works need labor intensive offline training to build the fingerprint database, which
needs to be updated when the environment changes. Moreover, these works can not detect whether the human is
non-still. The most relevant work to WiVit is E-eyes [42]. E-eyes utilizes the amplitude pattern of CSI to build a
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fingerprint map to identify the target’s moving trajectory and detect whether the target is non-still. However, the
E-eyes system also requires human efforts in offline training and calibration for different environments.

In the last few years, model-based device-free localization solutions have also been developed. The Dynamic-
MUSIC method [20] and IndoTrack system [21] employ the Angle-of-Arrival (AoA) information to locate and track
the target. However, due to the random phase offset between two RF ports, AoA-based solutions require careful
phase calibration during startup [49]. MFDL [36] employs fresnel model to locate the target during walking but
also requires offline training to calibrate the position of each fresnel zone in the multipath environment. Due to
lack of movement direction information, WiDar [29] tracks a target based on the amplitude of Doppler frequency
shift but only considers a single area.

Compared with these works, our WiVit does not require the target to hold any device and can identify when
the target is non-still and in which area the target is staying in a multi-room environment without any human
effort in offline training or calibration.

9.2 Wi-Fi Based Human Motion Detection
Wi-Fi signal has also been employed to detect human motion. Earlier solutions detect the human motion based
on the variance of RSSI [15, 52]. In the last few years, fine-grained CSI has been used for human motion detection.
CARM [40] employs the variance of CSI amplitude to detect motion for activity recognition. FIMD [47] utilizes
the correlation of CSI amplitude over time for motion detection. PADS [28] combines both phase and amplitude
information of CSI to improve motion detection accuracy. DeMan [46] not only detects the human motion
but also detects the existence of a human even if the target is still based on the human respiration sensing.
MoSense [9] and AR-Alarm [19] utilize the variance of phase difference for human motion detection. RT-Fall [37]
also utilizes the signal phase difference to detect when the human is still for fall detection. All these works
require offline training and calibration to obtain a threshold value to distinguish the still and non-still status of
the target and this threshold varies in different environments. On the other hand, our WiVit platform detects the
target’s non-still status by capturing the constant CSI phase change of the target reflected path signal incurred
by target movements. This feature is only related to the target reflected path signal and independent of the
environmental noise and multipath. Thus, our platform is robust against different environments without any
human intervention.

10 CONCLUSION
In this paper, we propose a device-free human vitality sensing platform WiVit hosted on cheap commodity Wi-Fi
devices. The WiVit platform can accurately capture when the target is non-still and in which area the target is
staying without offline training or calibration, moving one step further towards real life adoptions. For human
activity detection, the precision is 98% and the FNR is as low as 1%. Meanwhile, based on the relationship between
human target’s position and the reflected path change speed at each receiver, WiVit could identify which area
the human target is staying in at an accuracy close to 100%. We also employ two use cases to show the potential
applications of our platform. We deploy an activity recognition system on top of our WiVit platform with an
average accuracy of 94.2%. We further conduct a feasibility study to show that the captured human vitality
statistics could accurately reflect the the unique characteristic of each daily activity and thus can be used for
long-term daily life monitoring. We believe our platform can provide valuable datasets to infer the high-level
semantics of one’s different daily life facets such as living habits, physical conditions and even emotions.
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