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In recent years, movement detection and gait recognition methods using different techniques emerge in an endless stream. On the one hand, wearable
sensors need be worn by the detecting target and the method based on camera requires line of sight. On the other hand, radio frequency signals are easy to be
impaired. In this paper, we propose a novel multi-layer filter of channel state information (CSI) to capture moving individuals in dynamic environments and
analyze his/her gait periodicity. We design and evaluate an efficient CSI subcarrier feature difference to the multi-layer filtering method leveraging principal
component analysis (PCA) and discrete wavelet transform (DWT) to eliminate the noises. Furthermore, we propose the profile matching mechanism for
movement detection and the gait periodicity analysis mechanism for human gait. Experimental results in different environments indicate that our approach

performs identification with an average accuracy of 94%
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1. INTRODUCTION

The detection and analysis of human behavior in indoor envi-
ronment significantly increased over the recent years [1]. Typi-
cal applications include human detection for intruder detection
[2], human behavior recognition [3], and children and elderly
monitoring in home [4]. The human body movement detec-
tion method based on specific hardware has been used widely
(e.g., accelerometer, camera [5], pressure sensor [6], infrared
sensor, etc.). Those methods are subject to invasive sensing
or vision constraints, which limit their widespread applications.
With commodity Wi-Fi devices and the prevalence of Wi-Fi net-
work infrastructures, the RF-based method attracts much atten-
tion from industry and academia [7-9].

Researchers use the commercial off-the-shelf Wi-Fi in-
frastructures to detect human behaviors or activities. It natu-
rally has two advantages. One is that Wi-Fi signals are widely
available in indoor environments and low-cost to use. Another
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is Wi-Fi signals provide an information carrier of human activ-
ity through the signal feature such as Received Signal Strength
(RSS) and Channel State Information (CSI) [10]. However, RSS
has a very low resolution and stability. When there are little
changes in the environment, the RSS will have a great variety.
So it will cause a high false positive rate and false negative rate.
Furthermore, RSS only expresses the mixed energy information
of the received data packets. Due to the indoor multipath effect,
the deviation of RSS cannot be prevented. To obtain more fine-
grained multipath information, researchers turn their attention
to CSI on orthogonal frequency division multiplexing (OFDM).
CSI is widely used for its powerful anti-jamming performance.
CSI can record the environment feature from the carrier level, and
it is highly sensitive to capture the environment changes. More-
over, CSI can present different amplitude and phase character-
istics for different propagation environments, while the overall
structural features may be relatively stable in the same propaga-
tion environment [ 10]. Because signal will be inevitably affected
by various factors, such as random noise, narrow band interfer-
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Figure 1 CSI sensitivity analysis.

ence etc., in the process of signal acquisition and transmission.
However, the existing human detection approaches with CSI are
unable to be directly used in our human detection. Traditional
filters such as low-pass filters or median filters do not perform
well in removing the impulse and burst noises [3]. Therefore, it
is a challenge to extract robust features from CSI in multifarious
noises. Another challenge is that when there are some other ex-
changes caused by additional moving objects (e.g., fluttering of
curtains, movement of a cat etc.) may also disturb the analysis
of CSI signals. It may result in decreasing the detection accu-
racy and increasing the false alarm rate. Therefore, can we solve
this complicated phenomenon to improve the accuracy of human
detection for intruder detection?

We handle these challenges by first introducing the multi-
layer filtering framework based on principal component analy-
sis (PCA) and discrete wavelet transform (DWT) to eliminate
noises. Furthermore, the two-dimensional CSI frames are built
using the signal amplitude for extracting feature of CSI subcarri-
ers. After these preprocessing, the subcarrier feature difference
with CSI as the profiling mechanism to detect when there are
moving targets. If there is a moving target, the gait periodicity
of human walking is analyzed by autocorrelation to assist in-
truder detection. The gait periodicity analysis is to distinguish if
the moving target is human who is regarded as an intruder. Our
method is implemented on the commercial Wi-Fi devices and
its performance is evaluated in two typical indoor environments:
laboratory (NLOS, rather complex multipath environment) and
visiting hall (LOS, rather sparse multipath environment). The re-
sults show that the average accuracy of our method can approach
94% using a pair of sender and receiver in the real environment.

The contributions are summarized as follows:

1. We introduce the multi-layer filtering framework based on
PCA and DWT to get clean CSI from collected polluted
CSI data.

2. We investigate the wireless signal feature impacted by hu-
man. By exploiting the sensitive disparity of CSI subcarri-
ers to human behavior, we examine the challenges of using
wireless for detecting if there are moving targets in the en-
vironment.

3. The gait periodicity is analyzed according to the autocor-
relation of walking CSI signals. We design and imple-
ment our method with commercial hardware and evaluate
its performance. The results of experiments indicate the
effectiveness of the method.
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In the rest of this paper, we first briefly present existing human
activity recognition efforts in Section 2. Then we will present
the multi-layer filtering framework and moving target detection
in Section 3. Section 4 and 5 elaborates the gait periodicity
analysis in and evaluates its performance respectively.

2.  RELATED WORK

In this section, we describe the state of the arts. The technolo-
gies of activities recognition can be divided into four categories:
video based, specialized hardware based, radar based and wire-
less signals based.

Video Based. Utilizing cameras, researchers in the area of com-
puter vision deal with the problem of human activities recogni-
tion by images processing [1]. All these methods rely on visual
range of the camera and image quality. However, since cameras
are limited in line-of-sight (LOS), some blind areas will exist.
Cameras are easily to be blocked by the smoke and so on. And it
has a certain request to the light [5]. The most important is that
the camera is unable to be placed in private space. The Wi-Fi
signals can avoid the burden of privacy.

Specialized Hardware Based. Wisee [11] recognizes a set of
nine different gestures using USRP to get the OFDM signals.
WiHear [12] identify the pronunciation using special directional
antenna to get the effects on CSI due to the movement of lips.
But WiHear does not have an effective method to eliminate the
noises in CSI streams, so it must use a special directional antenna
to achieve acceptable accuracy. Allsee [13] recognizes gestures
using a special designed analog circuit to extract the amplitude
of the received signals. In comparison, our method requires no
specialized hardware and achieves high accuracy at the same
time.

Radar Based. Radar technology requires ultra-wideband trans-
missions with GigaHertz of bandwidth [14, 15], while Wi-Fi
technology requires narrow bandwidth of 20MHz. Further-
more, radar technology adopts tailor-made transmissions to per-
form images, such as Frequency Modulated Continuous Wave
(FMCW) [16]. While the Wi-Fi based adopts OFDM modu-
lation which is used to communication. To use the ubiquitous
Wi-Fi signals to achieve our purpose with low cost than to use
Radar. Such systems are called as Wi-Fi radar.

Wireless signals based. In the literatures, researchers leverage
wireless signals to recognize human activities such as falling [4],
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and exploit the rhythm of human activities to achieve detection
and recognition [2,17]. In [2], the periodicity of weak human
breathing pattern was used to detect static person in indoor envi-
ronment. In [17], profiting from the rhythm of smoking activity,
the smoker was detected. Since wireless signals may be reflected
differently with the different human activities, numerous efforts
have used wireless signals to detect moving targets [18,19], or
hand gestures [20] and daily activities [3]. In [21,22], the authors
use the eigenvalue change of correlation matrix of CSI in dif-
ferent time to detect moving individuals. However, this kind of
feature has a great restriction to the behavior of intruder. In other
words, such feature can be used only when people are very close
to the computer or AP in the line-of-sight (LOS) [23]. In this
paper, CSI subcarrier feature difference and the gait periodicity
analysis are used to detect moving targets.

3.  MOVING TARGET DETECTION

It is known that the environment changes such as the moving
of human can affect the communications between both wireless
devices. The phenomenon can be utilized to device-free intru-
sive detection and human behavior recognition and localization
[24]. This section first presents the CSI sensitivity to human
behavior by comparing CSI state in static and dynamic environ-
ments. Then we present the design of our method in moving
target detection. And the details on gait periodicity analysis are
in the next section.

3.1  CSI sensitivity analysis

As wireless sensing environments, wireless signals can detect
obstacles in the environment taking advantage of LOS or NLOS
propagation using the signal arrival time [25]. Human move-
ments enable be considered as moving obstacles, which changes
the transmission of Wi-Fi signals. An important observation is
that different activities have different influence on CSI ampli-
tude. As shown in Figure 1, CSI is very sensitive to human
behavior. CSI streams not only change with the behavior but
also can be seen that the CSI streams are correlated. Different
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Figure 2 Sensitivity analysis of different subcarriers.
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CSI subcarriers have the similar peaks and troughs.

Moreover, . See as figure 2, which demonstrates CSI streams
of squatting behavior on 10# subcarrier and 30# subcarrier. We
can observe that the 30# subcarrier is more sensitive than the
10#. The similar phenomenon exists in the other subcarriers.
It is also noticed that different subcarriers are distinguished to
different parts of human body in sensitivity. Some may have
sensitivity to arms, other may to legs. Thus, different subcarriers
may contain different information at the same time. Moreover,
the sensitivity of CSI single subcarrier to behavior is unstable and
changes with time. Due to the individual behavior is different
and various. The intruder will not maintain the same posture all
the time. Posture change will lead to alter in the sensitivity of
subcarriers to individual behavior.

It is not wise to use all the subcarriers due to their high corre-
lation. To use the best subcarrier requires selection in advance.
Furthermore, sensitivity of the best subcarrier is dynamic. Stated
thus, it requires detailed design that how to extract human be-
havior information from the time-varying and independent sub-
carriers.

3.2 Noise reduction

Itis known that noise as an interference signal is ubiquitous, such
as random noise, narrow band interference etc. In the process of
getting CSI and transporting signals, CSI signals can be influ-
enced by various noise signals, namely raw CSI. The information
we got includes the meaningful information which can analysis
the moving target and various noise signals. They are not re-
liable on detecting moving target directly. Even in the static
environment, the CSI can be also influenced by electromagnetic
noise.

How to extract meaningful information from raw data be-
comes one of the key issues about transforming them into clean
data. The data collected by receiver are susceptible to random
noise and other factors in the environment. There are deviations
in the measurements, even though in same conditions. Denois-
ing can improve both quantity, accuracy and efficiency of data
analysis.

Traditional filters such as low-pass filters or median filters do
not perform well. Low-pass filters can not distinguish between
the meaningful signals and noise signals in high frequency. Low-
pass filters allow to getting signals which are below the cut-off
frequency. The signals which are over the cut-off frequency will
be passed. Due to meaningful signals generally performance
as low frequency signals, noise signals generally performance
as high frequency, so we can use low-pass filters to eliminate
noises. But when there are high frequency human activities in
the environment, such as falling, low-pass filters will do not
perform well.

The principle of Median filters is taking the average value of
N subsampling data as filtering result. It works for filtering the
random noises, but does not work for burst pulse. Traditional
filers may cause signal distortion and false positives to a certain
extend. Therefore, itis a challenge to extract robust features from
the raw CSI considering all kinds of noises. In this paper, we
benefit from PCA and DWT to propose the multi-layer filtering
framework.
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PCA can preserve the main features of the original signals to
a certain extent. The selection of principal components is based
on the cumulative contribution rate. The number of principal
components used for feature extraction is empirically chosen to
achieve a good tradeoff between classification performance and
computational complexity. Due to the very high correlation of
subcarriers, the noise will be captured in the first principal com-
ponent along with the human motion signals [3]. So the use of
PCA cannot eliminate the noises effectively. The contribution
rate of the first principal component is very large in our exper-
iments. If we discard the first principle component, it will lose
some information and lead to signal distortion.

The filter based on DWT can obtain the CSI at multiple res-
olutions on multiple time scales. CSI signals are decomposed
into approximate signals and detail signals by DWT. It can pre-
serve extremely well the sharp transitions in signals than the
other low-pass filters. But it also exists two problems. First, the
resolution of wavelet transform classifier is 2J times. Therefore,
the processing effects are not very ideal for some cases. Second,
there may appear obvious and regular non-uniform effect with
the increase of decomposing levels, and the loss will affect the
final signals. For human recognition, we should extract the real
information of the feature.

PCA can provide the principle components of CSI signals.
CSI signals can be decomposed into detail component and high
frequency component by DWT. We think this question: can we
fuse PCA and DWT to get main features of CSI signals avoiding
the disadvantages of using PCA and DWT individually at the
same time? As shown in Figure 3, we extract principal compo-
nents of CSI streams with PCA firstly. But we discard the first
principal component and remain the other principal components.
The reasons are as follows. On the one hand, noises are captured
in the first principal component along with the human movement
signals [3], CSI sequence can be decomposed into approximate
components and detail components by DWT. On the other hand,
the noises are generally expressed as high frequency signals,
which inspires us to discard the detail components. Secondly,
we fuse the low frequency component produced by DWT and the
second principal component with the wavelet transform fusion
algorithm. The new second principal component is obtained.
Finally, we fuse the principal components by PCA inverse trans-
form. The final composite signals are called clean CSI.

3.3 Model Formulation

CSI frame. We first turn clean CSI sequences into CSI frames.
As shown in Figure 4, we partition time into consecutive CSI
frames. In Figure 4, time window length T is 40s, containing
40 x 30 = 1200 pixels. The pixel P, , in a frame is the CSI
amplitude of subcarrier m collected in the n-th time #,.

Extract CSI subcarrier feature difference. Human detection
requires a feature which is independent of the power and is re-
lated to the change of CSI, due to the power parameters of the
wireless device can be varied adaptively in different scenarios.
Variance can not only automatically and accurately detect static
and dynamic environment, but guarantees the algorithm rapid
convergence in a variety of environments.

The variance of amplitude in sliding window w can be written
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as. 1 w 1 .
Var(Pp.o) = — Zl [Pni =~ Zl Poil? (1)
1= 1=

Feature difference can be written as:

d = max[Var(Py,,) — Var(Pr,w—1), -+, Var(Pu.o)
- Var(Pm,w—l)] 2

Differential analysis is performed on two adjacent sliding win-
dows in all the subcarriers. We will get a matrix D with the
sliding window:

D= [dl,d2,~~~ ,d%_l} (3)

3.4  Moving Target Detection

Passive detection is generally used in two ways: clustering based
and threshold based. The former clusters the CSI data into sev-
eral clusters, and then by comparing the distance of the cluster
centers to distinguish different states (presence or absence of
human). The latter is based on the pre-collected data to find a
general threshold, and conducts state identification based on the
threshold value. Although the clustering method avoids both en-
vironment calibration and threshold training, it requires that at
least two states are involved in each group of measurements, oth-
erwise, one cluster or several clusters corresponding to a same
state are resulted, which leads to false detection. In this paper,
we use clustering method to model, and intrusion behavior was
detected by threshold method.

First we use threshold method to coarsely decide whether there
is a moving person. If the answer is yes, we will do finer grained
human detection. The threshold method can be written as:

D=l ds i} <0 )

Where 6 is threshold, if feature difference in window w is greater
than 6, there is a moving target. Then we will enter the phase of
gait periodicity analysis. In this paper, we use SVM to classify
the CSI data into two clusters with the semi-supervised learning
method. It can also be used adaptive update data base based on
user feedback.

SVM and neural network can both be used for pattern recogni-
tion, but SVM can effectively solve the finite sample data model
construction compared with the neural network, and has advan-
tages such as strong generalization ability, convergence to the
global optimum and insensitive to dimensions and so on. So
SVM is used in this paper to classify if there have moving tar-
gets. The decision function can be written as:

I
d(x)=sgn(<w,x >+b) = sgn(Zaiaj < X,Xj > —|—b)
i=1
()
We frame this as a best subset selection problem:
1 l 1
argm;lx E .Zl yiyjaiaj < Xxj,xj > s.t ;a,'y,' =0 (6)
i,j= i=

Wherea = [ay, as, - -- ,al]T ,a; > 0is Lagrange multiplier;
w = Zi:l yia;x; is weight vector which can achieve the best
classification interval of the optimal hyper plane.
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Figure 3 The multi-layer filtering framework based on PCA and DWT.
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4. GAIT PERIODICITY ANALYSIS

This section prevents the detail analysis of gait periodicity. After
the moving target detection, there are difficulties in distinguish-
ing if the moving target is human or if the human is an intruder.
Because the fact that CSI can also be influenced by other factors,
such as fluttering of curtains, movement of a cat etc. Therefore,
we analyze gait periodicity of walking to assist moving target
detection with the purpose of improving detection accuracy.

4.1  Analyzing Gait Periodicity

In typical indoor environments, propagation paths of wireless

signals can be easily affected by human bodies and other obsta-
cles. Therefore, the human walking movement is the equivalent

vol 33 no 2 March 2018

of a moving obstacle. And signals can be potentially modulated
by periodic walking if it interacts with the person. When there
is a moving target, the received signals can be continuously af-
fected by reflecting form the moving legs. Intuitively, a human’s
walking is a periodical action with uniform pace. The motions of
human walking induce wave-like patterns on the received signals
are shown in Figure 5 (a). The noises in CSI pattern are obvious
as we can see. The former denoising method is not work due to
the temporal correlation and the frequency correlation is needed.

In this paper, first, we filter out the irrelevant components, such
as burst noise and other motions, by applying a band-pass filter.
Then we use interpolation fitting to construct the CSI sequence.
When the transmitter sends packets to the receiver, the collected
data on receiver are non-uniformly. Because the equipment can
not make the transmitter and receiver get packets with the same
rate. There are packet losses, time delay, transmission delay
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and other processing delays. Therefore, it is necessary to adopt
interpolation fitting for further analysis and it make the CSI data
more plentiful and increasingly easy to analysis the periodicity.
The conspicuous repetitive patterns over all subcarriers of filtered
CSlIs are shown in Figure 5 (b).
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Figure 6 Walking signals over all subcarriers.
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Figure 7 Autocorrelation of walking.

4.2  Measuring Gait Periodicity

CSI signals are sensitive to walking, yet amplitude responses are
various in different subcarriers, see as Figure 6. So the individual
subcarrier can not be used to analyze the gait periodicity. In
this paper, first, CSI subcarriers are combined together by the
weighted average method. The weighted average method can be
written as:

K

1 fx
CSIlrr = — = x |Hg|, K €[1,30] (7
eff KKZZIfO K

Where fp is the center frequency; fx is the K-th subcarrier
frequency; | Hk |is the K-th subcarrier amplitude.

To obtain the gait periodicity from CSI, autocorrelation is
used to analyze the periodicity due to it is a simple and powerful
method to assess the periodic signals. Itis easier to find the peaks
in the autocorrelation of walking result in Figure 7. Each peak
in autocorrelation means that the contour curve remains similar
to the original version. The periodicity is analyzed by detecting
the peaks in the autocorrelation function. The autocorrelation
method can be written as:

k=n—1| CSlerr(m + k) — u(m,n)
k=0 CSlepf(m~+k+n) —pu(m+n,n)

no(m,n)o(m + n, n)

x(m,n) =
)
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Where u(k, n)is mean of CSI sample
sequence(CSIeff(k), CSlLyrk+1),---,CSILyrk +n+ 1));
o(k,n) 1is the standard deviation of CSI sample
sequence(CSlpf(k), CSlopr(k 4+ 1), -+, CSleps(k +n + 1)).

4.3  Robustness of Gait Periodicity Analysis

In general, walking is a rhythm activity. Our study shows that
performance of our method is not significantly affected by human
gait. It is known that the position of human and the movement
directions both can have an obvious influence on CSI amplitude
[26]. Different people have different walking style. Further-
more, different people walking with different speeds and the
sex, height, age, shape and size may have different influence on
CSI. To study the robustness of our method against human gait,
we collected samples from different people.

In Figure 8, we plot the autocorrelation results together with
the CSI collected from laboratory to show the effectiveness of
our periodicity analysis method. It performs autocorrelation for
each activity of different people. We observe from this figure
that gait periodicity of different people is obvious and it shows
the robustness and stability of periodicity analysis (PA). And we
also show impact of the target size on detection rate in the V
section. In PA, we have no train phase to samples and we only
use the feature of gait.

The above study shows that our method is robust to different
speed. Different moving speeds also have different influence on
CSI. CSI amplitude have a small change when human moving
with a low speed. When target is moving fast, CSI may vary
a lot in a short time. Robustness of different speeds analysis is
shown in performance evaluation section. We compare with the
basic method with different walking speed to show our method
of PA has a better robustness.

S.  PERFORMANCE EVALUATION

5.1 Experimental environments

In this section, we interpret the experiment setup and detailed
performance evaluation of our method in various indoor scenar-
i0s.

In this paper, CISCO WRVS4400N wireless router is used
as AP to transmitter data. Intel 5300 NICs is used as MP to
receive data. In order to evaluate the extensible property of
our method, experiments are performed in two typical indoor
environments: laboratory and hall. The formeris a typical NLOS
indoor environment which covers an area of 7.4m x 8.2m and
is a rather complex multipath environment as shown in Figure
9(a). It has furniture and obstacles such as computers, tables
and chairs. The latter is a typical LOS indoor environment which
covers an area of approximately 6m x 13.8m and is arather sparse
multipath environment as shown in Figure 9(b). There is a hall
without any obstacles. The localization of AP and MP are as
shown in Figure 9. The data are collected in two environments:
static state and having a moving target in the environment.

To quantify the performance of our method, we focus on
(1) True Positive rate (TP); (2) True Negative rate (TN); (3)

computer systems science & engineering
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Figure 8 Robustness of gait periodicity analysis in different people.
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Figure 9 Experimental environments.

False Positive rate (FP); (4) False Negative rate. In this paper, #
presents there are moving targets; * presents there is no moving
target. The meaning of each index as shown in table 1:

Table 1 The meaning of each index.

index | Detection results | Real results
TP # #
TN *k *k
FP # *
FN * #
vol 33 no 2 March 2018

The accuracy of our method can be shown as:
TP+TN
TP+TN+FP+FN
The detection rate of our method can be shown as:

Accuracy = x 100% )

TPR = x 100% (10)

TP+ FN

TNR = x 100% (11)

TN+ FP

5.2 Performance

Our method has two phases. First is moving target detection
phase. Second is gait periodicity analysis phase.

Overall detection accuracy. In this subsection, we answer the
two following questions: First, what is the detection accuracy
of this paper in different environments with different number of
moving targets? Second, what is the detection rate in diverse
scenarios? To answer the question we show the overall accuracy
of moving targets detection in two typical indoor environments:
our Lab (NLOS) and hall (LOS). Shown as Figure 10, all the
results perform better in hall, due to the rather sparse multi-
path environment. Compared with the results in laboratory, the
method of this paper achieves high average accuracy of 94% in
one target environment and 85% in three targets environment.
Our method also achieves high TP and TN rates of 93.45% and
94% respectively, as shown in Figure 11.

Sample rate. To examine the impact of sample rate on the
performance of PA, we increase the sample rate from 5 to 45.
Figure 12 shows the moving target detection performance under
different sample rate. The other conditions are the same. As can
be seen in it, the results are not affected from the sample rate.
This is because human moving activities affect the channel, and
the features can be captured well.

Impact of sliding window size. With the growth of sliding win-
dow to a certain extent, the performance of detection gets better.
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Figure 12 Impact of sample rate on detection accuracy.

Figure 13 shows the average detection rate with different sliding
window when there is a slow walking in the lab. The sliding
window the larger, the experimental results are more sensitive.
On the other hand, if the sliding window is too small, it will be
difficult to detect the existence of human. So it may reduce the
detection rate and it make not easy to distinguish between static
and dynamic environments. Compared with the other two sys-
tems, it is found that the detection rate increases with the growth
of sliding window. But this trend is not immutable and frozen.
The change causing by slow moving of CSI amplitude is rela-
tively stable. When the sliding window size exceeds a certain
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threshold, the window is too large to detect it. And it may easy
to cause large delay, make the detection rate rise trend reversal.
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Figure 13 Impact of sliding window size.

Number of subcarriers. Compared with the single best subcar-
rier, the method of using all subcarriers has a better performance
shown as Figure 14. It shows that using single subcarrier only
provides a TP of 80% less than 13.45% when use all subcarri-
ers. The reason behind this result is that subcarrier is sensitive
to human activities, but it is dynamic change with the time.
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2 50k N PR
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0 I

all subcarriers 10#subcarrier 30#subcarrier
Figure 14 Impact of number of subcarriers on detection accuracy.

Number of CSI streams. Wireless signals travels in straight
lines. The walls, equipment and moving targets will change the
propagation path of wireless. The influence of human move-
ment on different data streams is different due to different path
of every pair of antennas. So multi data streams combined de-
tection can improve the detection rate of the method in a certain
extent. Figure 15 shows the detection performance under differ-
ent number of CSI data streams. We can see from the result that
the FN and FP have a downward trend with the increasing of data
streams in a certain extent. The change of false positive rate and
false negative rate is due to the different antennas with different
multipath effect, and the received data packages in different pair
of antenna are different. So in order to reduce the complexity
of the algorithm and ensure the accuracy of detection, the best
solution is 4 data streams.

Impact of different position. It is found that the performance
of the system is the best when the human body is moving along
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Figure 15 Impact of number of CSI data streams.

with the LOS of the transmitter and the receiver. With the AP-
MP LOS propagation path as center, the detection rate decreases
with the increase of the distance from the location of intruder
to the AP-MP LOS path. The results are shown as Figurel6. It
can be seen that with the increase of the distance, the detection
rate of the three kinds of detection systems is decreased. The
reason behind this result is that the influence of CSI amplitude
is obvious in LOS path. At the same time we can see that the
performance of our method is better than the others. Because
FIMD using the sliding window to filter outliers before fusing the
data. When moving target slowly into interest area in the position
farther away from AP-MP LOS path, the detection results are not
obvious. The detection rate of RASID system is only about 20%.
This is because RSSI is not stable. The RSS change caused by
the human movement is hidden by its own changes.
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Figure 16 Impact of different distance.

Compare with the baseline methods. We compare the method
of Periodicity Analysis (PA) with the baseline methods. See as
Figure 17, it shows the performance of moving detection. As is
shown, our method of PA achieves higher TPR and TNR than the
amplitude variance methods and RSSI methods. This is because
walking is arhythm moving activity which can be separated from
static state. RSSI has a very low resolution and a worse stability
than CSI. Small changes in the environment will have a great
impact on it and may cause a high false positive rate and false
negative rate.

Impact of different speed of moving. Movement speed has a
great influence on the performance of system. The faster the
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Figure 17 Detection rate using different methods.

speed is, the greater the impact on CSI. When a target is walking
fast, the CSIchanges may vary alot. Thus, CSIsubcarrier feature
may obvious in a sliding window. The speed has influence on
gait period, but not walking periodicity. As shown in Figure 18,
it shows the detection performance comparison of PA, FIMD and
RASID when human into the interest area with different speed.
The samples are divided into three types with different speed of
0.2~0.6m/s, 0.6~1m/s and1~1.4m/s. System performances of
FIMD and RASID have some decrease when people moving at
a low speed. And CSI is more sensitive when human body is
moving fast.
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Figure 18 Detection rate with different speeds.

Impact of the target size. Different targets or people are of
different sizes, e.g., height, weight and shape. We would like to
study the impact of different target size on our method perfor-
mance. Figure 19 illustrates the detection rate with six volun-
teers. ID 1 is a girl of 150 cm and 46 kg. ID 2 is a girl of 160 cm
and 55 kg. ID 3 is a boy of 180 cm and 75 kg. ID 4 is a boy of
170 cm and 76 kg. ID 5 is an overweight boy of 170 cm and 85
kg. ID 6 is a child of 120 cm and 38 kg. The results show that
the performance is well for different people with detection rate
between 92% and 95% which do not vary much across different
target size.
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Figure 19 Impact of different target size.

6. CONCLUSION

This paper presents that CSI is sensitive to human activities and
the sensitivity can be used for detecting moving targets in the
environments and recognizing human activities. We propose a
PCA and DWT based multi-layer filtering framework to serve for
detecting features of CSI subcarriers. Taking advantage of the
feature difference and correlation detected from CSI subcarriers,
the proposed approach leverages the CSI streams to analyze the
gait periodicity of human walking. As aresult, the higher robust-
ness of moving targets detection has been achieved in different
scenes.
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