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Abstract
With the fast development of WLAN
technology, wireless device-free passive

human detection becomes a newly-developing
technique and holds additional potential to
worldwide and omnipresent smart
applications. Recently, indoor fine-grained
device-free passive human motion detection
supported the PHY layer data is quickly
developed. Previous wireless device-free
passive human detection systems either
consider deploying specialized systems with
dense transmitter-receiver links or elaborate
off-line  training method, that blocks
fastdeployment and  weakens  system
robustness. within the paper, we have a
tendency to explore to analysis a novel fine-
grained real-timecalibration-free device-free
passive human motion via physical layer data,
that is independent of indoor scenarios and
desires no prior-calibration and traditional
profile. We have a tendency to investigate
sensitivities of amplitude and section to human
motion, and see that section feature is
additional sensitive to human motion,
particularly to slow human motion. Aiming at
light-weight and robust device-free passive
human motion detection, we have a tendency
to develop two novel and sensible schemes:
short-term averaged variance ratio (SVR) and

long-term averaged variance ratio (LVR). We
have a tendency to notice system style with
commercial WLAN devices and appraise it in
typical multipath-rich indoor scenarios. As
demonstrated within the experiments, our
approach is able to do a high detection rate and
low false positive rate

Keywords: physical layer information;
device-free passive; human motion detection

I INTRODUCTION

Device-free passive human detection
could be a burgeoning technology to detect
whether or not humans, with none electronic
instrument, exist within the space of interests.
it's an increasing demand and holds larger
potentials to several security- and safety-critical
applications together with trespasser detection,
assets protection, elder nursing, etc., wherever
device attachment is inconvenient or perhaps not
possible. With fast development of wireless
local area network technique, it's potential to
appreciate present indoor wireless device-free
passive human detection. Incipient indoor
wireless passive human detection used
accessible received signal strength indicator
(RSSI) from Mac layer. RSSI could be a coarse-
grained and low-resolution feature. Within the
indoor space, wireless signal any undergoes
constructive or destructive multipath fading,
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resulting in RSSI unreliability [1, 2]. Once
someone blocks a pair of transmitter (TX) and
receiver (RX), RSSI of a link could decrease,
increase, or perhaps remain unchanged [3].
Recently, various researchers explore utilization
of wireless local area network PHY layer data to
attain indoor device-free passive human motion
detection [4-6]. The channel state data (CSI) of
multi-carrier  signals  delineates  multipath
components, and are sensitive to changes of
direct, reflecting or scattering signals.

Compared with RSSI, CSI is eminent to
greatly improve range and accuracy of passive
human motion detection. However, developed
progressive systems are still weak in rapid
deployment and robustness to changes of
atmosphere itself.

They either believe deploying specialized
systems  with  dense transmitter-receiver
hyperlinks or complicated off-line training
tactics. The previous goals professional, intricate
deployment and latter maintenance, that is not
suitable for present indoor situations. The latter
realizes  actual-time  detection  supported
clustering, pre-calibration or static sample.
Clustering and pre-calibration still involve long
and effortful training efforts. Light-weight
passive human movement detection completely
relies upon on a fashionable profile, and detects
human movement by evaluating cutting-edge
signal pattern with static sign pattern. However
as soon as indoor little environmental
modification occurs, it is required to recalibrate
static sample, that's appropriate to volatile
domestic or office space and poses a venture to
human motion detection. Aforesaid troubles
block the occasion of actual-time passive human
movement detection in gift indoor eventualities.
Supported the on top of motivation, in the course
of this paper, we generally tend to mainly
explore the manner to leverage PHY layer info
to implement an advanced indoor best-grained

real-time passive human detection (FRID) that
may be promptly deployed, unbiased of indoor
numerous situations and any pastime or re-
calibration. Meanwhile, considering popular and
common eventualities of constructing and
residential, we have a tendency to agree that a
tiny low variety of pairs of transmitter and
receiver, even one link, are more realistic choice
for indoor slender regions.

Hence, we're going to recognize the
mild-weight  actual-time  passive  human
detection supported one link with none pre-
calibration or a trendy profile. Next, we have a
tendency to face the number one challenge that
the manner to apprehend real-time passive
human motion detection without any calibration
or static sample. Once a pair of TX and RX is
deployed, carry out of detection is commenced
up. Intuitively, detection scheme totally relies
upon real-time information go along with the
drift, and detects distinction between adjacent
packets. So, plentiful experiments were finished
to get the effect of human movement on actual-
time indicators. Unfortunately, we tend to
observe that amplitude distinction of adjoining
packets isn't always sensitive enough to human
movement. Amplitude is additionally linked
with indoor situations and losing off sharply
with increasing of distance among human
vicinity and line of sight. So as to achieve
accuracy detection, calibration is inevitable.
Hence, the second one undertaking is that
feature it really is touchy sufficient to human
motion are often extracted from adjacent
packets. Aside from the amplitude function, we
generally tend to observe that element feature is
in concept a lot of sensitive to human
movement, particularly to sluggish human
movement. However, as a result of its no longer
viable to accurately stay and right
synchronization mistakes of Wi-Fi device and
commercial wireless NICs, the raw part info
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behaves especially randomly during the possible
field. During this paper, we tend to accumulate
regulate and usable element information with the
aid of making use of a linear transformation on
the raw CSI to eliminate the various random
noise. By masses of experiments, the brand new
element info extracted from adjoining packets is
tested to be a number of efficient to sense human
motion. So as to understand scenario-
independent  passive  human  movement
detection, we tend to extract ratio of phases
between adjoining packets as fundamental
function. If the environment is static, the ratio
has to be same to one. Otherwise, once someone
moves in a monitoring place, the ratio is more or
less than one. To raise the device robustness, we
will be inclined to apply the precept on a
sequence of packets at some stage in adjacent
time windows. Within the gadget design, we will
be inclined to develop novel real-time human
motion detection schemes based on coefficient
of variant of phases: short-time period averaged
variance ratio (SVR) and lengthy-term averaged
variance ratio (LVR). The two schemes is
eminent to remove the calibration price and
useful to fast deployment. Our main
contributions are summarized as follows:

We propose real-time passive human
motion detection via PHY layer data without any
calibration. We have a tendency to take
advantage of physical-layer channel features,
considering  temporal stability and part
sensitivity to human motion. FRID is acceptable
for fast deployment, freelance of indoor various
scenarios and robust to environment changes.

We implement indoor fine-grained real-
time passive human motion detection system
using section info of CSI from commodity Wi-Fi
device. We have a tendency to develop two
novel real-time detecting schemes based on
coefficient of variation of temporal phase. FRID
will with success combat the negative effects of

indoor multipath and work on a single
communication link. To the simplest of our
information, we have a tendency to be the
primary to solely utilize the WLAN-based phase
info to appreciate real-time passive human
motion detection without calibration.

Extensive evaluations of FRID are
conducted in two typical indoor scenarios. The
experiment results demonstrate that FRID can do
satisfactory performance that outperforms RSSI-
based system.

In the remainder of this paper, the
connected work can be reviewed in Section a
pair of, and preliminary concerning passive
human motion detection is provided in Section
3. In Section 4, we have a tendency to detail the
investigation concerning a way to achieve real-
time passive human motion detection without
calibration, and put forward an effective phase-
based feature in the Section 5. Then we have a
tendency to detail the developed two types of
real-time passive human motion detection in the
Section 6. Section 7 evaluates the performance
of FRID in two scenarios. Section 8 concludes
the paper.

Il. RELATED WORK

Since Youssef et al. [7] introduced the idea of
Device-Free Passive (DfP) localization, DfP
were appreciably and deeply revolutionized. A
device-loose passive localization device refers to
being capable of locate, tune and perceive
entities without carrying any associated tool.
The detection factor, as the fundamental manner,
is an vital primitive that is needed via a wide
variety of emerging programs. In early time,
most of human movement detection systems
exploited reachable signature, RSSI. To
overcome shortcomings of RSSI, a few
researchers are exploring to achieve indoor CSI-
based DfP human movement detection.
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RSSI-based Detection:RSSI may be handily
extracted from ZigBee or WIiFi devices. In
reference [7], authors accomplished passive
human motion detection based on transferring
average and transferring variance of WLAN-
primarily based RSSI. Next, as the performance
of gadget [7] degrades in an actual environment,
the authors proposed a Maximum Likelihood
Estimator (MLE) to enhance the overall
performance of the DfP system in real
environments [8]. RASID [9] analyzed RSSI
functions and followed a non-parametric
technique in specific environments to further
enhance the performance of detection. In
reference [10], authors researched exceptional
intrusion styles and proposed a joint intrusion
gaining knowledge of approach based totally on
a couple of intrusion signs to beautify the
performance of intrusion detection. In addition,
anther well-realize RSS-primarily based DfP
detection is the Radio Tomographic Imaging
(RTI) [11]. Recently, numerous primarily based-
RTI DfP detection and localization are evolved,
along with the vRTI [12], kRTI [13], dRTI [3].
Despite of its available get admission to, RSSI is
coarse-grained and fails to seize the multipath
results [1] in indoor environments. Most systems
only employ dense-deployed networks to hit
upon human presence, which needs lots labor
and devices and increases the fee of applications.
Besides, due to the interference of multipath
results, the overall performance of based-RSSI
systems is negative for human slow motion and
fast movement.

CSl-based Detection: Towards extra lightweight
and correct structures, latest works dived into the
PHY layer and exploited CSI for DfP detection.
FIMD [14] realized passive human motion
through clustering approach based on the
eigenvalues of similarity matrix of CSIs. Then
Z. Zhou [15] proposed an omnidirectional
passive human detection system through using

PHY layer capabilities to really track the form of
monitoring coverage. J. Xiao et al. [6] offered a
Pilot device leveraging temporal balance and
frequency otherness of CSI and integrating an
Anomaly Detection block to facilitate the tool-
free function. In reference [5], authors proposed
a conduct-loose passive motion detection system
that identifies one of a kind human behavior.
FCC [16] explored the relationship among the
variety of transferring human and the variant of
CSl and accomplished the group counting
primarily based at the Grey Verhulst Model.
PADS [4] extracted to be had segment records of
WLAN CSIs and combined the amplitude with
the segment to improve the accuracy and
robustness of DfP human detection. To
summarize, RSSI’s fundamental downside
blocks the pervasive utility of DfP systems in
rich multi-direction environments, e.G., indoor
situations. On the opposite, our recognition in
this observes is a WiFi-based totally finer-
grained DFPL. However, comparable works
depend on either an complicated schooling
procedure or accumulating masses of packets to
cluster, both of which result in decreased
convenience and applicability of human motion
detection. Different from previous works, FRID
takes benefit of phase function of CSIs and
realizes a lightweight actual-time passive human
motion detection, that may appropriately locate
human movement with dynamic pace.

I1l. ARCHITECTURE

In this section, we have a tendency to
present the structure of FIMD alongside design
demanding situations. FIMD is a system that
exploits the appropriate options of CSI from
commercial NICs to provide motion detection.
In  widespread, narrowband interference at
2.Four ghz is unavoidable in a totally monitored
area of indoor putting. Therefore, within the
presence of narrowband interference, the manner
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to extract appropriate options from CSI for
figuring out sign styles in static/dynamic
environments is that the initial challenge we
want to conquer. Channel State statistics (CSI) is
a fact that estimates the channel by way of
representing the channel houses of a
conversation link. Quite a few in particular, CSI
exploits the channel status as soon as a RF sign
propagates over more than one subcarriers.
Intuitively, CSI can show off absolutely
exclusive options underneath static/dynamic
environments. Even that CSI will differentially
represent the regular/dynamic patterns; there
have to nonetheless exist fake detection. For
example, the false alarm charge can rise up due
to the increasing large quantity of input
information. Moreover, the presence of noise
underneath the blended effect of, for example,
scattering, fading, and power decay with
distance in collected CSI samples should lead to
pass over detection. The second project we want
to undertake is the manner to appropriately
locate a movement occasion with minimized
misguided. Besides, from the attitude of
conversation efficiency, APs can adapt the
transmission

Fig. 1: System Architecture

Strength that allows us to maximum the
throughput. However, RSS-based totally method
suffers from this strength adjustment and causes
degrading detection accuracy. The manner to
hold the detection potential underneath
adjustment condition remains a third challenge
in our paintings.

We first describe the overall imaginative and
prescient of FIMD as proven in Fig. 1. FIMD
consists of three functional components: get
admission to factors (APs), detecting factors
(DPs), and FIMD server. The APs can channel
beacon messages over radio frequency (RF)
hyperlink. The DPs aid the CSI series
practicality with the aid of transmitting RF sign.
FIMD server then completes the whole detection
technique on-line. The APs and DPs are
positioned inside the space of hobby and
unbroken desk bound all through the entire
detection quantity. In our putting, there are many
pairs of APs and DPs, every prepared with a
couple of antennas. Supported these IEEE
802.11n requirements, no greater hardware
demand on each APs and DPs. Upon
periodically receiving the OFDM beacon
message from APs, DPs can first accumulate the
raw CSI worth inside the channel estimation
block. Specifically, let x be the transmitted
vectors at APs, y be corresponding received
vectors at DPs, severally. Then fine-grained CSI
- channel gain across all subcarriers at the PHY
layer - are often estimated as follows:

IV.REAL-TIME
DETECTION
The performance of calibration-based
methods similar to site-survey, pre-calibration,
constructing normal profile, etc., may be greatly
full of changes of environment itself and
locations of furniture, that are unsuitable for
advanced and changeable situations. And for
that reason, within the paper, we have a

HUMAN MOTION

WWW.ijreat.org

Published by: PIONEER RESEARCH & DEVELOPMENT GROUP (www.prdg.org) 9


http://www.ijreat.org/
http://www.prdg.org/

IJREAT International Journal of Research in Engineering & Advanced Technology, Volume 5, Issue 6, Dec - Jan, 2018

ISSN: 2320 — 8791 (Impact Factor: 2.317)

www.ijreat.org

tendency to try and understand time period
device-free passive human motion detection
with none activity. We have a tendency to profit
of constant of variation for detecting abrupt
changes within the CSI section for a Wi-Fi link.
Let 6 1,j AT be the coefficient of variation for the
j" transmitter-receiver antenna pair and the i"
OFDM subcarrier for the AT time window. So as
to find temporal constant of variation changes,
we track 0 1,j) AT over a short-term window AT
and a long-time time window ALT, and outline
two sorts of schemes: short-term averaged
variance ratio (SVR) and long-term averaged
variance ratio (LVR), permitting North
American country to check the various temporal
statistics of the Wi-Fi link. The short window
will replicate current state and be useful to find
abrupt abnormal event [12]. The long-term
window represents a stable state, and makes
FRID void the re-calibration. Temporal variance
ratio may be a relative metric that's not full of
numerous environment conditions. We have a
tendency to outline short-term averaged variance
ratio (SVR) of section as:

RSVR=1nnXi = 1|8iAT SIAT— 1].....(1)
SVR could be a light-weight process scheme
that quickly observes abrupt dynamic changes of
the environment. We have a tendency to note
that our window-based variance ratio technique
differs from the previous methods [5, 9]. The
previous light-weight human motion detection
are often come through by comparing recent
window-based  feature  measurements  to
measurements created throughout a static
activity amount once no one is getting the world
of interest. However, thanks to mutable indoor
scenarios, the static pattern is at risk of failure,
and re-calibration is usually dead. On the other
hand, the SVR solely represents recent signal
changes between adjacent windows. Once the
human is continuously moving, the signal
changes between adjacent windows could also
be similar, and also the SVR might fail to

observe the human motion. Thus, to capture the
behavior of wireless links once the bulk of
measurements are possible created whereas the
environment is static and observe continuous
signal changes, we have a tendency to apply the
constant of variation of part on a long-run time
window. We have a tendency to outline long-
term averaged variance ration (LVR) of part as:
RLVR= 1nn}i= 1|8iAT SIiAT — 1l....(2)

where n is the number of subcarriers, iATis the

coefficient of variation of phase of i'" subcarrier
in time intervals AT,&iALTis the coefficient of

variation of phase of i subcarrier in a long time
intervals ALT.8iALTcan be obtained from the

coefficient of variation of phase of i" subcarrier
when the number of corresponding continuous
normal SVR is N. When no one moves, the
RLVR also falls in a confidence interval

(1-Z«2)<RLvR < (1424 2),..(3)

where A is the experiential standard variation of
RLVR in static environment. The RLVR is
calculated based on a stable state when the
RSVR is within a normal range for a long time.
The RLVR is efficient to identify an abnormal
state and a stable state.

The human motion is judged by
combining SVR with LVR. We tend to firstly
use the SVR to discover whether or not associate
intruder moves into the monitoring space.

As mentioned on top of, it's inaccurate to
infer whether or not the entrant additional walks
into or leaves from the monitoring space. Thus,
we will utilize the LVR to trace whether or not
the person walks continuously at intervals the
monitoring space. If the entrant doesn't seem
within the monitoring space, the & i ALT will be
update with recent & 1 AT. Within the case
wherever there is also multiple antenna pairs, we
tend to take the bulk vote between antenna pairs
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over the term window to come to a decision if a
person's motion event has occurred. Additional
specifically, once a receiver antenna detects a
abnormal event, we tend to count the abnormal
detections for all the receiver antennas over the
RSVR and RLVR. For a two x two MIMO
transmitters and receiver, this is able to mean
computing a majority vote over eight
measurements. When the majority of the
receiver antennas detect human motion, we infer
that a person is moving between the transmitter
and the receiver. We will show that this majority
vote method improves the performance of our
detector by decreasing false alarms and missed
detections. We decrease the false alarm rate
further by combining temporally close
detections together.

After that, FIMD server will import the CSI
measurement collected by the DPs and start the
detection functionality. There exist five
important modules operating on the server,
including: CSI Feature Extraction, Burst
Detection, StaticMap Construction, False Alert
Filter, and Data Fusion. In the designated CSI
Feature Extraction module, raw CSI generated
from 30 group’s different subcarriers will be
first processed. Intuitively, channel status
information CSI  will exhibit differential
characteristics in  static and  dynamic
environments.  We  conduct  preliminary
experiments in typical indoor scenarios to
validate this intuition. We succeed in exploiting
the characteristic of CSI which reveals normal
and motion behavior in diverse ways. A
maximum eigenvalue over sliding window is
used to represent the feature value corresponding
to normal or motion behavior. Next, the Burst
Detection module runs on the processed CSI-
based feature value dataset over multiple pairs of
links independently. For burst detection, the link
status is analyzed using a density-based
DBSCAN  classification  algorithm.  The

algorithm will examine the feature value in the
dataset of each link to produce clusters. If the
points in a dataset belong to a single cluster, the
relevant status is deemed to be static. In contrast,
if there exists more than one cluster in the
particular dataset, it should be a dynamic status
due to motion behavior. Since there may exist
false detection, further analysis should be done
to enhance the overall detection performance.

According to the initial obtained results from
Burst Detection, we generate two cases
refinement: 1) False Alarm Filter: using a
simple windowing algorithm, we can filter out
the false detection that erroneously generate a
burst alarm when no motion appears; 2) Data
Fusion: even when no burst has been detected
during the initial burst detection phase, there
may exist some missing cases. Therefore, we
enhance the detection accuracy by adding this
Data Fusion module and update the static feature
of processed CSI. In what follows, we will detail
this planned framework in an exceedingly
divide-and-conquer manner.

V. METHODOLOGY

In this section, we tend to describe the
look nomenclature of FIMD. The methodology
of this CSl-based motion detection approach is
often softened into five elements in step with the
corresponding modules introduced in previous
section I11I.

A. CSI Feature Extraction

According to our modification of chipset
firmware, the raw CSls are divided into 30
groups each with 2 subcarriers. The N =
30groups CSI values can be expressed as
H=[HyH, ....H,, .. ...Hy]".i€[1,30].......(5)
where each subcarrier H; is defined as

H, = |H e (6)
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where |Hj| is the amplitude response and 2H is
the phase response of the it subcarrier.

The first main module - CSI Feature
Extraction serves as a prerequisite of the
following modules. The core idea of this module
is to process the 30 group CSls data received
from multiple DPs, and explore the
characteristics of CSI that distinguish the signal
patterns under static or dynamic environments.

N

[

Cumulative dignibutior

Fig. 2: CSI Feature Extraction

Specifically, we tend to differentiate the CSI
dynamic pattern from CSI stationary pattern due
to the movement of entities.

To this end, we first process continuous CSls
starting from H over a sliding window W. Given
a sliding window W with length n, CSls can be
expressed as

H = [Hy, Hpsq, - Hienloo o (7)

Next, we need to identify the properties of CSI
that reflects static/dynamic signal patterns. In
order to obtain the correlation factor between
each column of H, we generate a n-by-n
squarematrix C over the n sequential packets as

C(i1) C(i,i+ n)
C= i S (8)
C(i+n,i) C(i+mn,i+n)

where each element C(i, j) in the matrix C is the
correlation ratio between the H; and H; as

C(i,j) = corr(H;,H;).....(9)

The value of diagonal entries in matrix C is
equaled to 1. In our method, we multiply a

scalar to obtain the eigenvector eigen of matrix
C. Thus, the CSI feature extraction problem is
equivalent to finding the maximum eigenvalue
of this eigenvector after normalization
The feature value associated with CSI is defined
as 'V,

V = max (eigen(C)/n)...... (10)

where n is the sliding window length that
constraints the column number of matrix C.

If all the eigenvalue of each column are the
same as 1, the corresponding maximumeigen(C)
equals to 1 while the rest are 0. Therefore, with
higher correlation ratio between each column in
H, the signal will exhibit more likely to be
static. Reversely, if the eigenvalue suddenly
decrease to a small value, the lower
correlation may indicate an occur-rence of
motion. We conducted preliminary experiments
for validating the proposed feature extraction
approach. Typically, the maximum and second
maximum eigenvalues are large while from the
third one, the eigenvalue becomes small and are
considered negligible as shown in Fig. 3. We
plot

b3 [ [T 1

I o
Feature X

Fig. 3: CSI Features in Static/Dynamic
Environments

the maximum and second maximum eigenvalues
denoted as feature x (x-axis) and feature y (y-
axis) on a2-dimensionalFig.3, respectively.
There are three main observations from the
figure: 1) The eigenvalue in static status is
maximum and approaching to 1; 2) The
eigenvalue will become smaller in the dynamic
environments; 3) If more people presented in the
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region of interest, the eigenvalue will further
decrease due to higher variance.

Obtained from CSl-based correlation matrix
C, eigenvalue V is selected to be feature lying on
two notable benefits. First, such eigenvalue V is
independent with power control. RSS-based
approach is known to be susceptible to
transmitted power at the APs, and thus requires
additional APs complement. Alternatively, CSI-
based eigenvalue relies on correlation over
multiple groups CSls and irrelevant to power
changing. Second, this feature value is robust to
narrowband interference at 2.4 GHz.

B. Static Profile Construction

FIMD’s Static Profile Construction module
represents the stationary signal patterns in the
monitored area. In our FIMD system, this is an
optional module only if off-line training is
available and necessary. It should be noted that
we will not use this module in our clustering
based detection, but for the comparison with
RSS, this module is used in the RASID-like
approach.

Conceptually similar to recent work [4] that
uses non-parametric kernel density estimation of
RSS value over time, we then propose to
leverage the more temporal stable metric CSI
and construct a static feature profile. In general,
the construction process is supposed to explore
the frequency diversity of CSI that represents the
prominent static pattern frequencies over
multiple subcarriers. Therefore, instead of using
the coarse RSS defined in the estimated density
function [4], this module inputs the stationary
CSl-based feature values generated from the
Feature Extraction Module.

C. Burst Detection

The key module of our FIMD system is Burst
Detection, which plays an important role in the
detection process. It monitors the occurrences of
CSI variance due to motion events

e
Db

Feature Y

06 07 (X X 1
Feature X

Fig 4: DBSCAN Clustering Results

during our measurement period. In particular,
Burst Detection views motion detection as a
pattern recognition problem, rather than a
signature matching problem. It relies on the fact
that the patterns of motion events are necessarily
anomalous, and deviate from the static ones.
Such that the burst CSI patterns are deemed a
possible motion action. Therefore, we need an
effective algorithm to classify the CSI patterns
and determine the “burst” motion occurrence.
Density-based classification algorithm
DBSACN [7] is a good fit for Burst Detection
based on two favorable features: (1)no prior
knowledge of the numbers of clusters is required
(2)discovery of clusters with arbitrary shape.
There are two input parameters in our algorithm
includinge (eps) - the radius that delimitate the
neighborhood vicinity of a factor, denoted as N
(p)
minP ts - minimum number of factors that
should exist inside the e-neighborhood factors,
The key plan of the DBSCAN cluster
rule is that, for each purpose in an exceptionally
cluster, e-neighborhood has to include at least
extra than the minP ts. That is, the density within
the e-neighborhood has to exceed some
predefined threshold. Given a particular CSI-
primarily based characteristic worth dataset of a
RF hyperlink among AP and refugee, the
DBSCAN cluster rule obeys the subsequent
principles:
e Principle 1: Each cluster contains at
least one feature value Vi as core point p
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that the size of N (p) is at least minP ts.

e Principle 2: Given any two feature
values Viand Vowith size of e-
neighborhood greater than minP ts, then
Viand Veare in the same cluster.

e Principle 3: If feature value Vi has size
of e-neighborhood less than minP ts, and
no core point is contained in N (p), then
Vi is an outlier.

In order to discuss whether a set of points is
similar enough to be considered a cluster, we
need a distance measure Dist(Vi,V j) which tells
how far points Vi and Vj are. In our
algorithm, we apply Euclidian formula to
measure Dist(Vi,V j) as follows:

. | - -
Dist(V,, V;) = ~,|' |xV; —xV; |2 + |yV; — ¥V, | 2. (12)

RF Link; RF Link, RF Link,

Burst Burst eneeee Burst
Detection Detection Detection

[ Data Fusion ]

Fig. 5: Data Fusion over Multiple RF Links

Therefore, if the quantity of feature values
assigned to a particular cluster inside a sliding
window is extra than a threshold v, the nation is
deemed to be static. Otherwise, it's miles
categorized as a “Burst” country. Fig. 4 serves
for example to expose how DBSCAN is capable
of discover the motion occasion of incoming
feature cost dataset. As referred to in Sec. IV-A,
we generate the most eigenvalue and the second
maximum eigenvalue as feature values. We
associate every characteristic fee as a factor on a
2-dimensional density determines, and the
results of the cluster evaluation in static/dynamic

are proven in Fig. 4.

As formerly said, detection accuracy is the
primary design purpose of FIMD system; we
want to decrease the errors that doubtlessly
befell in the complete detection system. So we
further perform two lessons of schemes over the
Burst Detection results to resolve the fake alarm
and pass over detection as follows:

D. False Alarm Filter

From the perspective of improving
detection ability, a simple Burst Detection may
be insufficient. Instead, a specific scheme to
suppress the false alarm before generating a
detection alert is in need. Here, we choose to
apply a simple windowing technique.

Observed from the empirical study, a
single motion instance always lasts a short
period when receiving continuous packets. Such
that the dynamic pattern can be determined from
CSl-based feature value over a specific sliding
window W , as well from the ones immediately
to the left and right of W . Based on the
windowing filter, we shift the window to the left
neighbor and right neighbor and compute the
corresponding feature value. If the feature value
in window is isolated from the adjacent ones,
then the “burst” instance generated from Burst
Detection module can be determined as a false
detection and filtered out.

E. Data Fusion

Another source of erroneous detection is known
to be miss detection. That is, for miss detection,
we perform additional steps to decrease the miss
detection as few as possible. Previously, each
single RF link generates an initial detection
results based on Burst Detection algorithm,
which the output isclassified intoeithernormal
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Fig. 6: Research Laboratory Fig. 7: Testbed2:Corridor
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Fig. 8: ROC in Two Testbeds

static or anomaly dynamic. Missed Filter takes
advantage of data fusion technique over multi-
link CSls, which synergistically integrating the
CSIls from multiple links to produce
comprehensive information about a detection
event. This results in a reduced false negative
detection rate over single-link approach. Fig. 5
shows multiple RF links contributing their
decisions whether a motion has taken place or
not to a fuser.
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VI. PERFORMANCE EVALUATION

1) Evaluation Metric:We set up the following
metric toaccess the performance of the proposed
FIMD system: True Positive (TP) Rate: TP rate
refers to the probability that a motion event is
properly detected.

2) Experimental Results:First, we depict a
Receiver Operating Characteristic (ROC) curve
that graphically interprets the detection
performance in the presence of false alarm. ROC
curve can explicitly show the tradeoff between
the FP rate (X-axis) and TP rate (Y-axis). Here,

we use DR to represent the TP rate, which
measures the effectiveness of the FIMD

1

Detection Rate

B C5l-based
[ IRSSI-based

]..;ih {.'urrlidur
Fig. 9: CSl-based Feature vs. RSS-based Feature

system according to the following Equ. 12,

TP
DR = % 100%....(12)

Fig. 8 presents the MDR rate with respect to
false alarm rate in two testbeds. In Lab, for a FP
rate less than or equal to 1% the detection rate
would be greater than 70%, and for a FP rate
greater than 14% the detection rate would be
greater than 90%. Likewise, the ROC curve in
Corridor shows that detection rate would be
greater than 90% when FP rate is around 9%.
Comparison with RSS-based:So far, we have
beenfocusing on the performance of the
proposed CSl-based FIMD system. To study the
beneficial gain of CSl-based feature over RSS-
based feature, we compare it against the most
relevant RSS-based motion detection system
RASID. RASID is a well-known RSS-based
Device-free passive detection system which
consists of an offline training phase and an
online monitoring phase. It leverages standard
deviation (SD) of RSS as the feature
approximates it distribution with a kernel
function. For a fair comparison, we keep the
whole RASID detection process and only
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replace the RSS-based feature with proposed
CSl-based feature. Where only the maximum
eigenvalue extracted from CSI correlation over a
sliding window. We implement RASID on
FIMD server in both testbeds and set the sliding
window length to be 10 as shown in Fig. 9. The
length of update window is fixed to be 30. From
Fig. 9, we can observe that CSl-based feature
slightly outperforms the RSS-based one for the
purpose of motion detection due to better
temporal stability. In summary, CSl-based
feature can provide better detection performance
comparing with the counterpart based on RSSI.

VII. CONCLUSIONS AND FUTURE WORK

In the paper, we tend to propose novel
light-weight and period of time passive human
motion detection. With the fast development of
wireless device-free passive localization, indoor
fine-grained passive human detection has been
wide researched. Period of time passive human
detection are often apace deployed and desires
no huge website survey. Besides, human motion
wills clearly amendment the part of multipath
signals. Hence, we tend to attain a FRID system,
fine-grained period of time passive human
motion detection via PHY layer part data. So as
to appreciate the period of time human motion
detection, we tend to develop 2 schemes: short
averaged variance quantitative relation (SVR)
and  semi-permanent  averaged  variance
quantitative relation (LVR). Varied experiments
have well-tried that the FRID system can do
high performance, particularly for slow human
motion. Within the future, we'll explore to use a
lot of advanced techniques to boost the
performance of passive human motion detection
via the total CSI data.
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