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ABSTRACT The next generation of mobile communication aims to extend the capabilities of traditional
communication by reshaping the environment with wireless signals. The channel state information can
describe the propagation characteristics in wireless communications, which is beneficial in developing wire-
less communication networks towards intelligent communication and wireless sensing networks. Raspberry
PI with Nexmon firmware patched can extract the channel state information from WiFi signals and realize
human activity recognition. However, the phase values on some carriers are susceptible to noise, resulting in
phase errors after singular value decomposition. To solve this problem, a method is proposed in this paper
to find the optimal phase value by dynamic time warping algorithm utilizing the property of orthogonality
between amplitude and phase. In contrast to the conventional recognition strategies, the proposed optimal
phase extraction method with commercial WiFi signals can further improve the accuracy of the recognition
strategy under different complicated scenarios.

INDEX TERMS Wireless sensing, channel state information, WIFI, dynamic time warping.

I. INTRODUCTION
The proposal of the metaverse promotes the development
of human-computer interaction technology. Human activity
recognition plays a crucial role in it. Nowadays, the widely
used human activity recognition is based on AI vision-based
and dedicated sensors. Although the abovemethods can accu-
rately and efficiently recognize the activity, they all have
unique application scenarios. The method based on Al vision
has high requirements on the brightness of the surrounding
environment and can only be used within the Line of Sight
(LoS), which may lead to the disclosure of information.

The associate editor coordinating the review of this manuscript and

approving it for publication was Ding Xu .

The method based on dedicated sensors requires expensive
equipment, and the device must be worn on the body, causing
great inconvenience in activities. In recent years, WiFi-based
human activity recognition has overcome these limitations.
The WiFi-based human activity recognition leverages inte-
grated sensing and communication (ISAC) capabilities to
reshape human activity. This WiFi-based contactless wireless
sensing system has the following advantages: firstly, a large
number of ubiquitous WiFi signals can be used for sensing
and not be limited by LoS conditions; secondly, people do not
need to wear any sensing devices; lastly, the whole system is
easy to establish and low cost.

Initially, the WiFi-based activity recognition was based
on the Received Signal Strength Indicator (RSSI) [1], [2].
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However, RSSI is sensitive to the environment, which
makes it unable to provide accurate classification results.
By comparing the performance of RSSI and Channel State
Information (CSI), Yang et al. [3] proved that CSI could
distinguish the multipath effect. Therefore, most existing
WiFi-based human recognition systems use CSI for sens-
ing. For instance, the amplitude of CSI can be used to rec-
ognize human activities [4], [5]. Zhang et al. [6] proposed
the concept of a Fresnel Zone in the wireless sensor field.
They showed that the same activity at different locations
might lead to significant changes in characteristics. There-
fore, it is not accurate enough to judge only from the
amplitude of CSI. Zhang et al. [7] summarized the current
development status of CSI, including the existing practical
and theoretical problems, and provided solutions for future
development. All these research works offered significant
help for the development of WiFi-based contactless wireless
sensing.

Nonetheless, the extraction of CSI was mainly realized
using the computer equipped with Intel 5300 network card,
which can only collect CSI of 30 subcarriers and cannot meet
the requirements of fine-grained recognition.

The WiFi-based activity recognition established by Rasp-
berry PI with Nexmon patched [8], [9], [10] can address the
above problems. The system supports IEEE 802.11ac and
allows 80 MHz of bandwidth to extract CSI of 256 subcar-
riers, more than the sum of the subcarriers collected by WiFi
chip on the Intel 5300 network card.

However, in the process of collecting CSI, the phase of
CSI was easily disturbed by noise, which makes the collected
phase value useless. Therefore, this paper put forward an
optimal phase method to solve the above problem. The main
contributions of this paper are summarized as follows:

1) A contactless wireless system was built on Raspberry
PI and completed the recognition of standing, bending
over, squatting and holding up hands, which are four
common activities in the metaverse.

2) In the process of CSI collection, the phase on some car-
riers will seriously interfere, resulting in the deviation
of the collected CSI phase value. Therefore, this paper
proposed a method to find the optimal phase value
by dynamic time warping (DTW) algorithm utilizing
the property of orthogonality between amplitude and
phase.

3) Through testing in different scenarios, the evaluation
results proved that the method proposed in this paper
performed better than using only the amplitude or using
all the phase values.

II. RELATED WORK
At present, many scholars have made research on wireless
sensing. WiFall [13] used CSI to recognize human falling.
WiFinger [14] devised an environmental noise removalmech-
anism by filtering out the environmental noise while keep-
ing the CSI pattern resulting from the finger gesture and

recognizing the gesture. FarSense [15] employed the ratio
of CSI reading from two antennas whose noise was mainly
canceled out by the division operation to increase the sens-
ing range significantly. WiDance [16] used antenna diver-
sity to remove random phases and then correlated doppler
shift with motion direction to recognize. WiDar2.0 [17] was
the first passive tracking system requiring only one WiFi
link. It took the angle of arrival, time of flight, and doppler
shift into account and achieved submeter level tracking accu-
racy. WiGesture [18] shifted observation from the tradi-
tional transceiver to the hand-oriented view and extracted a
novel position-independent feature named Motion Naviga-
tion Primitive (MNP). MNP exploited the moving direction
of hands, which made gestures easily identified. WiDar3.0
[19] used velocity profiles of gestures from doppler frequency
shift (DFS) on at least three links, which acted as unique
indicators of gestures for recognition. WiFi-based wireless
sensing systems require plenty of experiments to improve
accuracy. GaitID [31] extracted specific features of the target
so that recognition does not require any restriction onwalking
trajectory and speed. On this basis. GaitSense [32] extracted
target features to better represent gait, and used transfer learn-
ing and data augmentation techniques to effectively reduce
the requirements on training samples.

Most of the above research works were based on CSI on
some carriers, but not all. This paper proposed a system to
collect CSI on all the carriers. However, the phase of some
carriersmay be seriously disturbedwhich affects the accuracy
of recognition. To alleviate this problem, a method finding
the optimal phase according to the orthogonal relationship
between amplitude and phase has been proposed. The optimal
phase and amplitude values were used for activity recogni-
tion. The estimation results showed that the proposed method
could improve the accuracy of the recognition strategy
with commercial WiFi signals under different complicated
scenarios.

III. PRINCIPLE
This part mainly describes the basic principles of wireless
sensing, including the wireless sensing model, Fresnel Zone,
and the extraction of optimal phase matching strategy.

A. WIRELESS SENSING MODEL
Typically, a transmitter sends information to a receiver
through a wireless channel. CSI describes the wireless chan-
nel by giving each subcarrier’s channel frequency response
(CFR). The wireless communication model can be character-
ized by:

y (f , t) = H (f , t) x (f , t)+ n, (1)

where y (f , t) is the information received by the receiver;
H (f , t) is the transmission matrix of the channel; x(f , t) is
the information sent by the transmitter; n is the noise in the
channel.

When people move, for example when doing certain activ-
ities, the wireless signals in the environment will be reflected,
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FIGURE 1. The composition of H (f , t) . (a) static component Hs (f , t)
includes a constant reflection path component and LoS component as
indicated by the blue line, while dynamic component Hd (f , t) represents
the reflection path changes as indicated by the red line; (b) the phasor
representation of H (f , t) as a result of a composition of the static
component Hs (f , t) and dynamic component Hd (f , t).

FIGURE 2. Derivation of the formula of the CSI phase when |Hd (f , t) | is a
constant: (a) shows the one possibility for H (f ,t). (b) shows the
parameter description of formula derivation.

diffracted and scattered, resulting in a change in the dynamic
path length, d (t), of the signals. The overall change of the
signal can be described by H (f , t), as shown in Fig.1, and
can be expressed as:

H (f , t) = Hs (f , t)+ Hd (f , t)

= Hs (f , t)+ A (f , t) e−j2π
d(t)
λ , (2)

where Hs (f , t) is the sum of static paths component and
Hd (f , t) represents the dynamic path component that varies
with the dynamic path length d (t); A (f , t) e−j2π

d(t)
λ is the

complex-valued representation of the attenuation and initial
phase offset ofHd (f , t) and λ is the wavelength of the carrier.

When the target moves a short distance, A(f , t) can be
considered as a constant [15], meaning that |Hd (f , t) | can
also be considered as a constant.

Fig. 2 shows the phase derivation ofH (f , t). The parameter
p is the distance from the edge of Hd (f , t) to Hs (f , t); θ is
the phase difference between Hd (f , t) and Hs (f , t); α is the
phase of the H (f , t); β is the phase of the Hs (f , t); ϕ is the
phase difference between Hs (f , t) and

H (f , t);µ

=

√
|H s (f , t) |

2
+|Hd (f , t) |

2
+2|H s (f , t) ||Hd (f , t) | cos θ.

The phase of H (f , t) α can be described as:

α = β − ϕ = β − acrsin
(

p
|H (f , t)|

)

FIGURE 3. The model of Fresnel Zone. Q is the position of the human
body and O denotes the vertical point from Q to TxRx.

= 6 Hs (f , t)− acrsin
(
|Hd (f , t) |sinθ

µ

)
. (3)

Since the |Hd (f , t) |sinθ is a small value compared to
Hs (f , t), the phase of H (f , t) α can be estimated to be as:

α ≈ 6 Hs (f , t)−
|Hd (f , t) |

µ
sinθ, (4)

where the waveform of the CSI phase is a sinusoidal-like
waveform. Furthermore, for the complementarity between
phase and amplitude [12], the waveform of CSI amplitude
is a cosinusoidal-like waveform.

B. FRESNEL ZONE MODEL
The Fresnel Zone (FZ) model was introduced in WiFi-based
wireless sensing in [20], [21] and revealed the relationship
between human activity and the received signals.

In the free space scenario, the transmitter Tx uses radio
frequency (RF) signals with wavelength λ as the transmission
medium to send information to the receiver Rx. The Fresnel
Zones are concentric ellipses with foci of transmitter and
receiver. The boundary of the nth Fresnel Zone is defined as:

|TxPn| + |RxPn| − |TxRx | = n
λ

2
. (5)

ThePn is a point on the nth ellipse and the innermost ellipse
(n = 1) is defined as the First Fresnel Zone (FFZ) as shown
in Fig. 3.

[22] showed that between a pair of WiFi transceivers, more
than 70% of the RF signal energy is transferred via the FFZ.
Human activity will result in a path difference 1d of signal
transmission.

The path difference 1d between |TxQRx | and |TxORx | is
defined as:

1d = |TxQRx | − |TxORx |

=

√
d21 + h

2 +

√
d22 + h

2 (d1 + d2)

= d1

√
1+

(
h
d1

)2

+ d2

√
1+

(
h
d2

)2

− (d1 + d2) , (6)

In FFZ,
(
h
d1

)2
� 1 and

(
h
d2

)2
� 1. Therefore, the path

difference 1d can be approximated as:

1d ≈
h2(d1+d2)
2d1d2

. (7)
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The phase difference1ϕ caused by the path difference1d
can be expressed as:

1ϕ =
2π1d
λ

= πh2
(d1+d2)
λd1d2

. (8)

When at the boundary of the FFZ, the phase difference
1ϕ is π , but because of reflection, there is an offset of π
in phase. Eventually, the two signals were out of phase by
2π , and the receiver received an enhanced signal. On the
contrary, when at the boundary of the Second Fresnel Zone,
the receiver received a weakened signal. Hence, when people
do the same activity at different positions, the amplitude of the
CSI signals may vary significantly [20], [21], [22], [23], [24].
In other words, activity recognition cannot be judged only by
amplitude. The complementarity of amplitude and phase was
used to solve the ‘‘blind spot’’ in recognition of amplitude or
phase [12].

However, inherent to the hardware issues on the transmitter
and receiver, there will be a random phase offset e−j·θoffset
during the CSI sampling process. The e−j·θoffset represents the
phase error introduced by central frequency offset (CFO),
phase locked loop (PLL), sample frequency offset (SFO),
and packet boundary detection (PBD). Several solutions have
been proposed to recover the phase of CSI from commodity
WiFi [24], [25], [26], [27], [28]. The above phase recovery
methods require the network interface controller (NIC) to
have at least two antennas and apply conjugate multiplication
of CSI between two antennas to remove the time-varying
random phase offset. However, Raspberry PI has only one
antenna and cannot eliminate the time-varying phase offset
by conjugation, so this method is not applicable for Rasp-
berry PI.

The phase received by the receiver is described as:

ϕ̂i = ϕi − 2π
ki
N
δ + β + Z , (9)

where ϕi is the actual phase; ϕ̂i is the measurement phase;
ki is the index of the current subcarrier; N is the number of
points in the Fast Fourier transform; β is a random phase
offset caused by equipment; Z is the random noise in the
measurement. [29] adopted a linear approach to eliminate the
errors 2πkiδ/N and β.

a =
ϕ̂n − ϕ̂i

kn − k1
=
ϕn − ϕi

kn − k1
−

2π
N
δ,

b =
1
n

n∑
j=1

ϕ̂j =
1
n

n∑
j=1

ϕj −
2πδ
nN

n∑
j=1

kj + β,

ϕ̃i = ϕ̂i − aki − b = ϕi −
ϕn − ϕi

kn − k1
ki −

1
n

n∑
j=1

ϕj, (10)

where ϕ̃i is the value after linear transformation. Neverthe-
less, this method ignores the effects of random noise, where
a filter is required to filter it out.

C. THE EXTRACTION OF OPTIMAL PHASE MATCHING
STRATEGY
The existence of the pilot carrier, empty carrier, and guard
carrier make not all phases correlated with activities [11],
and the phase of some carriers may be seriously disturbed.
All these make it challenging to extract the correct phase
value. Therefore, it is critical to extract the optimal phase.
The amplitude and phase of the WiFi signal are orthogonal,
and the amplitude and phase received at the receiver are also
nearly orthogonal. According to this characteristic, this paper
used the amplitude value to derive and extract the optimal
phase. However, amplitude sequence and phase sequence of
CSI are not synchronized. The (DTW) algorithm can solve
the problem and test the similarity of the two time series. The
smaller the value is, the more similar the two time series are.

The amplitude sequence as a reference template is
described as:

A (M)= {a1, a2, · · · ,aM }, (11)

where a1, a2, · · · ,aM are the corresponding value of each
sampling point, and M is the total number of the points
sampled.

The nth phase sequence as a test template is described as:

Pn (M)= {Pn,1,Pn,2, · · · ,Pn,m}. (12)

From all phase carriers P(N ) to find and the most similar
phasePn(M ), whereP (N )={P1 (M) ,P2 (M) , · · · ,PN (M)},
N is the number of carriers collected.
The Z-score was adopted for both A (M) and Pn(M ) to

eliminate the phase differences between carriers and reduce
the complexity of the calculation. Euclidean distance was
used to calculate the distance between two sequence data
points. The Euclidean distance between the ith data ai of the
amplitude sequence and the jth data pj of the phase sequence
Pn (M) is calculated as shown:

d
(
ai, pj

)
=
√
(ai − pj)

2
, (13)

which produce a M × M distance matrix D. A path from
D1,1 to DM ,M was determined where the sum of the elements
on the path is the smallest, and it should obey the following
restrictions: firstly, the starting point and the ending point of
two sequences are consistent. secondly, the path must satisfy
the chronological sequence of the data. The shortest path
length is defined as L(i, j).

L (i, j) = min


L (i− 1, j)+ D(i, j),
L (i− 1, j− 1)+ 2D(i, j)
L (i, j− 1)+ D(i, j).

(14)

The shortest path of the current element must be the length
of the shortest from the previous element plus the value of the
current element, and the previous element must be selected
from the adjacent to left as shown in (14). Traverse each in
carrier phase P(N ) and find the shortest path Lmin(M ,M ).
The optimal phase matching strategy is summarized as

follows:
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Algorithm 1 Optimal Phase Matching Strategy
1) Initialization
• Input A(M ) and P (N ) . The Pn (M) ∈ P (N );Pj ∈
Pn (M); ai ∈ A(M );

• Create an arrayO to hold eachPn (M) ∈ P (N ) distance
from A(M );

2) For all Pn (M) ∈ P (N )
Calculate the distance between all ai ∈ A(M ) and Pj ∈

Pn (M) and store the values in anM ×M matrix D;
Create a newM×M matrix L and generate each element
in L by using the strategy of (14). Store the value of
L(M ,M ) in O;

End for
3) Find the smallest value in O.

The carrier phase corresponding to this value is the most
similar phase Ps (M).

Output: Ps (M)

FIGURE 4. The system structure of wireless sensing including data
collection and preprocessing and activity recognition.

IV. SYSTEM DESIGN
A wireless sensing system for human activity was designed
in this paper, which the optimal phase was extracted for
recognition based on the property of orthogonality between
amplitude and phase. Fig. 4 shows the architecture of the
wireless sensing system. The whole system includes three
parts: data collection, preprocessing, and classification.

A. DATA COLLECTION
There were two Raspberry PI devices in the system, but
they have their own roles. The Raspberry 3B+ with Nexmon
patched was used to monitor and extract the CSI from WiFi
signal. And that the Raspberry 4B was used to generated the
traffic over so that the activity can be sampled at the same
frequency. The TP-link AX3000 as the access point (AP) was
set to IEEE 802.11 ac mode, bandwidth was 80MHz, the
frequency was 5.21GHz, and the channel number was 157.
Table. 1 shows the device configuration in the network.

TABLE 1. Device configuration in the network.

FIGURE 5. The devices of the wireless sensing system: Raspberry PI 3B+;
Raspberry PI 4B; router.

FIGURE 6. The raw data which contains plenty of noise and outliers.

B. PREPROCESSING
The noise in the wireless channel will interfere with the
collected data. Therefore, it is necessary to preprocess the
data to ensure accuracy. Fig. 6 shows the raw data where it be
observed that the marked boxes were not caused by human
activity but simply by sudden burst of noise.

The Savitzky-Golay [33] filter was used to denoise the
data. The most important feature of this filter is to eliminate
noise while ensuring the shape of the signal. Fig. 7 shows the
filtered amplitude value.

In this system, the sampling frequency of CSI was
100 packets per second and the time of human activity was
about 0.5 seconds to 2 seconds. Therefore, a sliding window
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FIGURE 7. The filtered data of amplitude.

FIGURE 8. The segmentation of dynamic and static parts. (a) shows the
use of variance to divide the data into dynamic and static parts. (b) shows
the dynamic part of activity sampling.

with a length of 50 was designed to calculate the variance of
CSI amplitude. In the whole activity, the dynamic part only
took up a small part of it. Hence the average variance value
was used as the threshold to distinguish the active part from
the static part as shown in Fig. 8(a). The advantage of this
was to extract the activity data, which greatly reduces the
amount of data that needs to be processed. The activity curve
was divided into static parts (blue) and dynamic parts (red) as
shown in Fig.8(b).

In terms of the phase of CSI, there was a phase offset due
to the time synchronization problem between the transmitter
and receiver. A linear relationship was applied to descramble
the phase [29]. Fig.9 shows the principal component variance
of CSI. The high proportion of the amplitude’s first principal
component indicates that each carrier’s amplitude is similar.
In contrast, the proportion of the first principal component
of the phase is not as high, which means that the phase on

FIGURE 9. The principal component variance of CSI.

some carriers was seriously disturbed so that the phase on
each carrier cannot be similar. Because of this, the phase
after singular value decomposition cannot be directly used for
activity recognition.

The DTW algorithm, described in section III C, was used
to find the optimal phase value for activity recognition. The
Fig. 10 (a) shows the original phase value, which includes
much noise. Fig. 10 (b) shows an activity’s amplitude and
optimal phase values.

C. CLASSIFICATION
Different activities will have different impacts on in CSI.
Therefore, in this paper, the characteristics of the activity
curves were extracted for recognition, as shown in Table. 2.

These characteristics of activities and their corresponding
name labels were taken as the input for the classification. The
Support Vector Machine (SVM) can construct a multiclass
classifier to divide samples of a specific category into one
category and the rest of the samples into another category.
The unknown samples were classified into the maximum
classification function value category. The accuracy of the
classification model was finally obtained by comparing it
with the actual values.

V. EVALUATION
In this system, the following four types of activity were
evaluated, as shown in Fig. 11. Three people performed each

VOLUME 10, 2022 121585
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FIGURE 10. The processing of the phase. (a) is shown unscrambled phase
value, it contains too much noise; (b) is shown the phase that best
matches the amplitude, it filters out most of the noise and is orthogonal
to the amplitude.

FIGURE 11. (a) stand (without any activity); (b) bend over; (c) squat;
(d) hold up hands.

activity about 120 times to complete the activity data collec-
tion in 2 scenarios.

A. EXPERIMENT SETUP AND CONFIGURATION
Scenario 1 was in the 4 m× 6 m conference room, where the
router and the Raspberry PI 3B+were 2.5m apart. The layout
of the environment is shown in Fig. 12.

Scenario 2 was in the 4 m× 10 m office, where the router
and the Raspberry PI 3B+ were 2.5 m apart. The layout of
the environment is shown in Fig. 13.

TABLE 2. The Definition and formula of characteristics.

In this paper, the scenario 2 was defined as a non-ideal
case where plenty of wireless devices and obstacles were
considered. The Wireless devices will affect wireless trans-
mission channels and signals. Plenty of obstacles will affect
the transmission path of the signal.

B. EXPERIMENTAL RESULTS
In this paper, 80% of the collected data was used as the train-
ing set to train the classification model, and the remaining
data was used as the test set to measure the performance of
the classification model.

The Fig. 14 shows the performance of the classification
model in the conference room environment. The method
proposed in this paper can improve the accuracy of recogni-
tion. In terms of holding up hands, the classification model
that only used phase and the model only used amplitude
both performed poorly. On the contrary, the model using
the amplitude and optimal phase had excellent classification
performance. In other actions, the accuracy of the proposed
method was slightly higher than other methods.

In addition, this paper compares the accuracy of extracting
all phase values and extracting the best value. As shown in the
yellow and blue bars, the performance of extracting all phase
values was very poor, because all phase values contained
much noise, resulting in a deviation from the real value.

In scenario 2, there were many network devices that inter-
fere with CSI collection and transmission. However, the accu-
racy of using the optimal phase proposed in this paper was

121586 VOLUME 10, 2022
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FIGURE 12. The layout of the scenario 1: Conference Room. (a) The test
scenario diagram in real life. (b) The overall layout of the test
environment.

still much higher than that of using all phases. Fig. 15 shows
the performance of the classification model in the office
environment.

Fig. 16 shows the true positive for the two scenarios. The
accuracy of all actions decreased compared to scenario 1.
This was because the received signal in scenario 2 was more
diffracted and its dynamic component was more complex.
Moreover, the wireless device will also affect the CSI. It can
be seen that the method of extracting the optimal phase
proposed in this paper is superior to other methods, whether
in a wireless environment with fewer devices or a relatively
more complex environment.

Therefore, it can be concluded that it is crucial to use the
method in this paper to find the optimal phase, which can help
us improve the accuracy of the system. Furthermore, no mat-
ter what the scenario, the static state had a high accuracy,
which makes it easy to distinguish the dynamic state from
the static state.

This paper compared the recognition methods of other arti-
cles. In [10], a WiFi-based system was also used for human
activity recognition. Six specific actions were identified by
collecting the amplitude information of CSI. In [30], the deep
neural network was used to recognize 6 types of actions
through plenty of experiments. However, only the amplitude
information of CSI was used. In [13], the Intel 5300 was used
to collect CSI, and the local outlier factor of amplitude was

FIGURE 13. The layout of the scenario 2: Office. (a) The test scenario
diagram in real life. (b) The overall layout of the test environment.

FIGURE 14. Classification Model Performance for scenario 1: Conference
Room.

used to judge. The above three research works are only using
the amplitude to recognize, which wastes the extracted phase
information. The optimal phase extraction method proposed
in this paper can help increase the system gain and improve
the performance of system recognition Table. 3 shows the
recognition accuracy of different research works.
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FIGURE 15. Classification Model Performance for scenario 2: Office.

FIGURE 16. The true positive for the two scenarios.

TABLE 3. The recognition accuracy of different research works.

VI. CONCLUSION
In the wireless recognition system, the phase was sensitive
to noise, resulting in a deviation in the acquired phase value
and a decrease in accuracy. In this paper, a method to find
and extract the optimal phase was proposed. This method
found the value most similar to the amplitude from all the
phase values according to the orthogonality of the amplitude
and phase. Furthermore, this paper also compared the per-
formance of using this method and not using this method in
different scenarios. The estimation results showed that the
proposed method could improve the accuracy of the recog-
nition strategy with commercial WiFi signals.

In future work, we will focus on extracting more informa-
tion from the phases, such as the speed and direction of the
activities. This can better reshape the motion to achieve the
goal of integrated sensing and communication.
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