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Abstract. Some traditional Wi-Fi indoor passive human detection sys-
tems only extract the coarse-grained statistical information such as the
variance, which leads to low detection accuracy and poor adaptability.
To solve the problem, we propose a new coherence histogram for Wi-Fi
indoor passive people detection. In the histogram construction process,
the method leverages time continuity relationship between received sig-
nal strength (RSS) measurements. The coherence histogram captures
not only the occurrence probability of signals but also the time relation-
ship between adjacent measurements. Compared to statistical features,
the coherence histogram has more effective fine-grained information. The
feature vector consists of coherence histograms is used to train the clas-
sifier. To eliminate the position drift problem, the Allen time logic helps
to establish the transfer relationship between the sub-areas, we correct
the results to improve the location accuracy. Compared with the clas-
sic passive human detection technology, the F1l-measure is improved by
nearly 5%.
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1 Introduction

Nowadays, the device-free human detection system has been rapidly developed,
such as ultra-wideband radar [1], computer vision [2], sensor networks [3] and
radio tomography [4], which can achieve real-time human detection. However, in
daily application scene, ultra-wideband radar requires special hardware support,
which limits the application range; the monitoring environment under conditions
of smoke, lowlight, etc., computer vision fails to detect people accurately, and the
technology also has great limitation in smart home which involves privacy issues
of users; sensor networks and radio tomography both require to deploy high-
density tags, it is difficult for those systems to be used widely in the commercial
market due to the expensive equipment costs. As wireless is widely deployed in
our daily life, people are almost inseparable from the wireless. The study found
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that in the wireless environment, the appearance and movement of the human
body can absorb, reflect and diffract part of the signal energy [5]. Using the
characteristics of the wireless signal, received signal strength (RSS) based Wi-Fi
passive people detection technology became a research hotspot. The technology
does not require additional detection equipment carried by people. The charac-
teristics of wide coverage, easy deployment, and low cost are helpful to applicate
in the public safety field, commercial field, etc.

2 Related Work

The researchers conducted a variety of research on the original signal to extract
the disturbance information. There are three typical detection methods: first of
all, the statistical characteristics based system such as moving average (MA)
[6] and moving variance (MV) [7] can obtain higher detection performance in a
short time, but as time goes by and the environment changes, the performance
gradually decreases. Secondly, the researchers have established systems such as
RASID [8] and Ichnaea [9] by setting an environment anomaly index. The advan-
tages of the system are efficient and fast when utilizing a single-link to detect the
target. However, in the multi-link joint detection, due to the difference between
links, it is necessary to adjust the abnormality index of each link to achieve
better performance, which increases the system workload.

To solve the above problems, the support vector machine (SVM) [10] based
on pattern recognition extracts the statistical features of the signal, such as vari-
ance, mean, extreme value, etc. However, the statistical features only reflect the
coarse-grained information of the original signal. In contrast, if we use the dis-
tribution of the signal to characterize continuous RSS values, we must get more
comprehensive and effective information than statistical features. For the peo-
ple detection problem, wireless links react differently to environment condition,
we should make full use of the received signal strength values to independently
estimate the distribution of each wireless link in the monitoring environment,
so a lightweight and efficient method must be used to find such a distribution.
The histogram [11] meets the above requirements. It can estimate the probabil-
ity distribution and reflect the fluctuation of continuous variables. Although the
histogram can reflect the distribution of the signal, the ability of the histogram to
obtain data time information is insufficient. Since the time relationship between
RSS measurements is useful, the system adds it to the process of the histogram
construction. We propose a Wi-Fi passive human detection approach based on
coherence histogram.

3 Coherence Histogram Based Detection System

3.1 System Overview

The system overview of the proposed Wi-Fi passive people detection system
is shown in Fig.1. The system consists of three phases: signal collection and
processing phase, model training phase and real-time detection phase.
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(1) Signal collection and processing
We place some wireless access points (APs) and monitoring points (MPs) in
the monitoring area. Secondly, the monitoring area is divided into several
sub-areas, the MPs collect RSS measurements when the monitoring area
with people and area without people, respectively. Finally, the RSS mea-
surements will be filtered and normalized.

(2) Model training
To characterize all RSS streams received by MPs under different location
status of people, the system constructs the coherence histogram for each link
and merges them to form the feature vector. Then, the softmax classification
model is trained by the feature vector to identify the movement and location
of people.

(3) Real-time detection
The classification model classifies the RSS measurements received by the
MPs. After that, the Allen-time logic is used to establish the transfer rela-
tionship of people movement in sub-areas. At last, the system outputs the
final location result that is corrected by the transfer relationship.

e ____________ModelTraining
Feature Vector L
iL Acquisition
i Testing Data Feature Vector | | Detection Location i
___________ Collection | __________! Il Acquisition | |and Location| | Correction ||
Data Collection and Processing Real-time Detection

Fig. 1. System model.

3.2 Signal Collection and Processing

In the monitoring area, the number of placed AP and MP is X and Y, respec-
tively. Altogether J = X x Y wireless links traveling through the monitor-
ing area. The RSS measurements set of the jth(= 1,2, ---,J) wireless link is
RSSV = [R],R},--- , R};], where RJ indicates the kth RSS measurements. Since
the noise in the monitoring environment affects the construction of the feature
vector, the paper draws on the idea of outlier detection method [12] to design a
filter to eliminate those extreme RSS measurements. For every link j, the mean
D7 of the RSS7 is determined by

j Zk:l liir
D) ===k 1

and the maximum effective distance BY from the mean is calculated as follows

J | (B - D7)
B—4\/ k Kk (2)
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The filtered outcome Rfc(k =1,2,--- ,K) of Ri is obtained by

B DI+ Bi, R, > DI + B
Rj={ DI —BI, R, < DI - BI 3)
R, otherwise

After filtering all values in the RSS7, we can get RSS7 = []:'ijl, Ré, e ,Rﬂ(]

Because the signal distribution needs to be consistent during the construction
process of the signal coherence histogram, the filtered RSS’ is normalized as
RS‘S’J = [R‘LR%a T 7Rﬂ7 where R-l]c = (Rgc - Rann)/(Rgnaw - R-r]nzn)’ R%’Laa;
and R’ . are the maximum and minimum values of RSSJ , respectively.

min

3.3 Model Training

3.3.1 Feature Vector Construction

Figure 2 shows the fluctuation of the MP-side RSS signal of three wireless links
when the monitoring area with people and without people. The wireless link
RSS measurements change over a wide range. Therefore, it is possible to judge
whether there are people in the monitoring area based on the fluctuation condi-
tion of the MP-side RSS signal.

— T T .\ |
44 |— Liﬁgﬁ Area without people
— Line3

Fig. 2. Fluctuation of three wireless links.

The variance and histogram of three wireless links RSS measurements are
shown in Figs. 3 and 4, respectively. From Fig. 3, we see the variance can char-
acterize data features, but the expression is not obvious. Although histogram
has a better ability to represent signal features than variance, signal informa-
tion extracted by histogram is incomprehensive. This paper fully uses the time
information of RSS measurements and constructs the coherence histogram.
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Fig. 3. RSS variances of three links.

1.0 ;
%0.8 linel %1.0 linel
S06 0.8
504 508
502 20 f}
& 0 _. 520‘20 [rp— |_| M/ r—
12345678910 12345678910
Group number N Group number N
0l.0 line2 0l.0 ;
200.8 ) line2
2056 08
504 505
202 ma 20: [
1 23456728910 1234567 8 910
10 Group number N . Group number N
%0:8 line3 gb(l)g line3
0.6 £06
204 S04
8 .
502 iN __ g0, —= [
123456738910 1234567 8 910
Group number N Group number N
(a) (b)

Fig. 4. RSS histograms of three links in different state of the monitoring area. (a) Area
without people. (b) Area with people.

We divide RSS? into N groups of equal length. For the proceed RSS mea-
surements of a link, if there no less than ¢ consecutive measurements falling
into the nth group, then we say the RSS measurements that belong to the same
group are the c¢ coherence, where c is termed as the degree of coherence. Then,
the total number of RSS measurements in the nth group that meets the coher-
ence degree requirement is recorded as s,. Finally, the height of the nth group
8¢ is defined as

5 =2 (4)
where K is the total number of RSS measurements. Based on that, the coherence
histogram of the jth link is calculated as H7 = [§5,...,85, ..., 8% ], where n =

1,...,N. When the degree of coherence ¢ = 1, we observe that the traditional
histogram is a special case of coherence histogram.

Coherence histograms of three wireless links are shown in Fig. 5. The degree ¢
of coherence directly reflects the change condition of RSS measurements, which
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means the more continuous the time of RSS measurements of the same group is,
the bigger the group height is. It reflects that the change speed of the signal is
slow in a short time and the signal fluctuation is stable.
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Fig. 5. RSS coherence histograms of three links in different state of the monitoring
area. (a) Area without people. (b) Area with people.

To meet the real-time needs of the detection system, the entire samples
should be divided into smaller samples. The sliding window mechanism [7] of
length L divides different location status data. Samples of each location sta-
tus of people are both I = [(K — L)/f] for every wireless link, where f is the
sampling frequency. There are total M kinds of samples in every sub-area and
one type of sample corresponds to one location status. The coherence histogram
of the ith samples of link j is calculated as Hm i = B S SN
m=1--- M,i=1,--- I

With the coherence histogram of all wireless links for every sub-area, the

feature vector F}n o is formed by merging them

i 1 yJ 4T

Frln, [Hm IR Hrjn 17"'7Hm,i] (5)
where a denotes the sub-area number. The feature vector F}, , is a N.J x 1 vector
and the feature map is built as follows

A={F} Ja=1,.Am=1,.,Mi=1,.,1} (6)

3.3.2 Classification Model Construction

The paper trains the classification model based on the feature vector Ff,w of
each location status samples to classify the RSS measurements in real-time
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detection phase. Let I be the number of classifiers, for the ith classifier, the
training process is as follows.

In the real-time detection phase, the RSSt denotes the tested RSS measure-
ments whose feature vector is F', the detection problem can be formulated as
the following minimization problem

(m,a) = gmmHF Frol| (7)

where m and a are the estimated index of status and location of the target,
respectively.

The monitoring area is divided into A sub-areas and each sub-area has M
possible states. Therefore, there are total Q = M x A types of location states
and RSSt can be any one of them, it is a typical multiple classes problem.
This paper utilizes the softmax regression method which can convert the input
feature vector into a probability [13]. As is shown in Fig. 6, the softmax regression
model converts the input feature vector of every class into a probability p(ym.. =

r|F}, ., 0) forr =1,...,Q. That is, it estimates the output probability of the class
label y taking on @ classes.

{ _1‘Fe_e/z: ]Classl
—
a3
,[p(y:r‘F,e):e ZQ Eg’la Classr
r=1_

9(,
{ ‘F e) Z(J pafa ClassQ
r=1_
\

Softmax Model

~

Fig. 6. Softmax regression model.

The output of the softmax regression model formulates as follows

o
P(Ym,a = | a0 91 Frna
. : 1 ;
h(Fy, ) = | P(Ym,a = | Fl o 0) eamea (8)

(yma —Q| m,a’ ) L eagpjnva ]
where 6, is a N J x1 vector that indicates the model parameter for the rth output.
All the system parameters of regression model are recorded as § = [0y, ..., F)Q]T,
which is a @ x NJ matrix.
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Firstly, the cost function of the regression model is defined as follows
Q NJ
Fra
me— a6

90 =5 Zzzl{yma*fr}logz Fi .

a=1m=1r=1 rlql

T
r

where 1{ -} represents an indicator function. When y,, o =, then {y,, , =1} =
1, otherwise, {ym o = r} = 0. 6,4 represents the rth row and gth column element
of the parameter matrix # and A is the proportion of the weight decay term.

After that, the cost function ¢;() is strictly convex and its derivative is
determined as follows

Vo,pi(0 :_*ZZ mal{yma—r} P(Ym,a = |maa )] + B0, (10)

alml

Finally, it is straightforward to solve the parameter matrix 8 with the gradient
descent algorithm using the feature vectors of training samples.

3.4 Real-Time Detection

3.4.1 Target Detection and Location

In the real-time detection phase, we use the sliding window mechanism that is
the same as the data collection and processing phase to get the tested RSS mea-
surements. Then, with the coherence histogram feature vector F' extracted from
the tested data, the probabilities of location status of people can be calculated

as follows
h(F)=0x F (11)

The classification (m,a) of the element with the largest value in the @ x 1
probability vector h(F') is the current estimated location status of the target.

3.4.2 Physical Connection Relationship Construction

The connection relationship between the actual physical structures can constrain
the movement behavior of people, hence, the movement pattern of people in

[@] MP MR ”[
"\,_\Sub-areaﬁ:

Sub-area3

g

Fig. 7. Division of the monitoring area.
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each sub-area is determined with the Allen Time Logic [14]. Figure 7 shows the
divided sub-area for the monitoring area and Fig. 8 shows the Allen Time Logic
that defines 8 time-order relationships between different events.

Allen Time Logic - o - Logical symbol representation

1 equals I2 (P B L=h

11 Proeeds I3 : : (S B h<bB

11 is included in /4 : L : hdls

I overlaps 5 : I—IS:—I Liols

11 is connected to /s and precedes s | !Is—I Dimle

I starts and 71 is included in 77 -|J= L : Lsh

11 ends and /1 is included in /s ; Ly T Iifls
Timestamp — ———1———————— Ao -

Fig. 8. Allen linear temporal logic.

All the motion modes are obtained by observing human behaviors in the mon-
itoring area, Fig. 9 shows four of them and BP is the breakpoint which separates
every event. Based on that, according to the Allen Time Logic, Fig. 10 shows the
event map, the nodes represent events and the dotted path is the longest path.
In each event graph, there is one and only one longest path, which satisfies two
relationships: the first one is the happening order of events and the event nodes
are connected by the operator ‘m’; the second one is the end of movement and
the operator ‘f” connects the last event node to the movement node. According
to each longest path associated with the sub-areas, the connection relationship
of sub-areas can be constructed. Figure 11 shows the movement map that is the
physical logic diagram of the monitoring area.

(6Time Stamp

Walk into ] Walkinto | walk through
Sub-areal Sub-area2 Sub-area3
BPI[ Walk into B2 [
Sub-area3 Walk mto;,‘{ BP3
Sub-areal
Movement! Movement2
(L
Walk into | Walk through | Walk into
Sub-areal Sub-area3 Sub-area3
| BP4 - BP6| Walk into
Walk into___§ BP5 Sub-area?
Sub-area2
Movement3 Movement4

(E&Time Stamp

Fig. 9. People movement mode of the monitoring area.
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Fig. 10. Event map.

Fig.11. Movement map.

3.4.3 Sub-area Transfer Weight Determination

According to the analysis of people behaviors in paper [15], the pedestrian move-
ment rate distribution is shown in Table 1. This paper explores the distribution
of actual walking distances of people during the sampling interval and uses the
information to determine the transfer weight of sub-areas. Let d”" and d7®
represent the minimum and maximum walking distance from sub-area a to sub-
area b (a and b can be the same sub-area), respectively. The transfer probability

Wb from a to b is calculated by the cumulative distribution function (CDF)

N2
f(’U) — p 12ﬂ_ exp (_ (UQU,;) ) Umin S v S Umax

0 otherwise (12)
Was = [yt f(v) - tdv

where p1 and o are the mean and variance of pedestrian movement rate. Then,
we normalize the Wy, and get Wy, = W/ 21174:1 Wab.

Table 1. Pedestrian movement rate law.

Mean velocity (m/s)|Standard deviation (m/s)|Minimum (m/s) Maximum (m/s)
1.127 0.5324 0.007 2.499

3.4.4 Location Correction
Since the motion state of people is continuous, the sliding window mecha-
nism with the length G is used to filter the location at the current moment.
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The transferred score that the target walks from the location obtained in the
previous second to each location in the window is calculated as follows

Qap = 1 X Wy (13)

where ny(>_ ny = G) is the number of sub-area b in the window and Wab is the
transition probability of sub-area a to sub-area b. In the end, the filtered result
of the target location corresponds to the sub-area b when the score is the largest.

4 Experiment Evaluation

4.1 Experiment Setting

The layout of the experimental scene is shown in Fig. 12, we establish a prototype
network to evaluate the performance of the proposed scheme in a typical com-
plex home scene. The indoor area is 59.48 m?. Considering the limited number of
available access points (APs) in the actual indoor environment, the network con-
sists of 5 nodes, node 1 (Huawei Honor Router, WS851) is the access point that
coordinates the operation of the network, while nodes 2 to 5 are the monitoring
points (Samsung Mobile Phones, GT-S7568) that collect RSS measurements. A
total of 4 wireless links cover the monitoring area. The AP uses the transmission
over the frequency of 2.45 GHz and the sampling frequency of the MP is 10 Hz.
MPs collect RSS measurements of all location states of people and the collection
time for each kind of sample is 10 min. After that, the system performs multiple
tests and each test lasts 5min. According to the received RSS measurements,
the system determines the location status of the target uniquely. The default
parameters of the system are summarized in Table 2.

4.4m
————
Sub-areal Sub-area2 3m
" ———
5 N
lrE\ Q A Sub-area3
MP1 &
al N T
()

wol

(
E! i Sub-area
o

AP

5HJ-Eb—areaA'
]

MP4

6.4m

Fig. 12. Experimental scene.
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Table 2. System default parameter values.

Parameter | Default value | Meaning

L 10 Sliding window size
N 5 Group number

C Coherence degree
G Filter window size

4.2 Parameter L, N and C for System Performance

As is shown in Fig. 13, when the L is restively short, the insufficient number of
samples leads to the lack of discrimination of the feature vector, which makes
the system performance is bad; however, when the L is restively long, due to
the continuity of the movement of the target, there are lots of previous RSS
measurements in the window. If the location status of the target changes at the
current time, the previous data may cause misjudgment of the system. When
the L is 20 or 30, the overall system performance is excellent, but considering
the real-time needs of the system, we choose L= 20.

The next step is to confirm the influence caused by N and C' on the system
performance. In Fig. 13, we can see that relatively smaller C leads to the RSS
values time continuity requirement is extremely low. A large number of motion
RSS measurements fall into the same group due to the insufficient number of
groups N. Hence, both of them can cause the inaccuracy judgment of motion
status. In contrast, the restively larger C' or the excessive N can result in mis-
judgment when there is no target walking around the monitoring area. Therefore,

this paper chooses L=20, N =10, C' =4.
0.98
= X 0.96
2 . 0.94
. 0.92
0.90
0.88
0.86
0.84
2345678910 2345678910 2345678910
Degree of Coherence C

Degree of Coherence C Degree of Coherence C
(c)

(a) (b)
0.90
= 0.88
0.86
> 0.84
0.52
0.80
0.78

23 45 6 7 8 910 2 3 45 6 7 8 9
Degree of Coherence C Degree of Coherence C

(d) () ()

Fig. 13. Fl-measure of different parameter. (a) L=10. (b) L=20. (¢) L=30. (d)
L=40. (¢) L=>50. (f) L=60.

Group Number N

23 45 6 7 8 910
Degree of Coherence C
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4.3 Parameter G for System Performance

The sub-area location accuracy and average location accuracy are shown in
Figs. 14 and 15, respectively. As we can see, the sub-area location accuracy
increases as the filter window size increases, but when the window size reaches a
certain size, the extension of the G makes the location accuracy decrease. Com-
bining the results of the two graphs, the selection of the G is preferably between
5 and 10. The filter window G =10 in this paper.

5 ——779]]
3751 —— 1=5]
<70 —— =10/
65t ::Lfls i
60
I
2 Sub—a.re; Number >
Fig. 14. Location accuracy.
1.00
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1=0 L=5 =10  L=15  L=20

Fig. 15. Average location accuracy.

4.4 Performance Analysis

This section compares the proposed method with the MV system, the MA sys-
tem, the histogram-based system, and the RASID system, the results are shown
in Table 3. It can be seen that the Fl-measure can reach 98%, the false positive
rate (FP) and the false negative rate (FN) of the proposed algorithm are much
lower. The confusion matrix is shown in Fig. 16, we can see the location accuracy
is significantly improved after being filtered. As is shown in Fig. 17, filtered loca-
tion accuracy of the detected target is at least 92%, the performance is higher
than both Inchead system and Multi-feature PNN system [16]. To sum up, the
proposed system has obvious advantages in the field of passive people detection.
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Table 3. Comparison of detection performance with existing detection technologies.

Performance | MA MV RASID | Histogram | Coherence histogram
FN 0.1042 ] 0.1174 | 0.0498 | 0.0687 0.0361
FP 0.1352]0.0962 | 0.0652 |0.0997 0.0106
Fl-measure |0.8799|0.8952|0.9303 |0.9145 0.9769

Areal 0.00 0.05 0.11 0.00 0.00| Moo Areal 0.00 0.03 0.05 0.00 0.00 Moo
Area20.10 0.00 0.00 0.03 0.00 g:g Area2| 0. 0.00 0.00 0.00 0.00 8:5
Area3| 0.00 0.00 0.08 0.02 0.00|[]06  Arca3 0.05 0.00 0.00 |06
Aread| 0.00 0.02 0.00 8;5; Aread|0.00 0.00 0.00 8:2
Areas| 0.04 0.02 0.00 0.00 8:; Area5[0.02 0.00 0.00 0.00 8:;
Silence[ 0.00 0.00 0.00 0.00 0.02 0.1 Silence |0.00 0.00 0.00 0.00 0.02 0.1

Areal Area2 Area3 Aread4 Area5Silence 0 Areal Area2 Area3 Area4AreaSSilence 0

(a) (b)

Fig. 16. Confusion matrix of location. (a) Initial location result. (b) Filtered location
result.

|53
Q
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ST e e N
50 —— Coherence Histogram | -
—~— Initial Result
40 i 3

3
Sub-area Number

Fig. 17. Comparison with existing locating technology.

5 Conclusion

To detect and locate people in an indoor environment, this paper proposes a
people detection approach based on coherence histogram after comprehensively
analyzing the advantages and disadvantages of the variance and histogram that
are used to represent the original signal characteristics. On the one hand, the
coherence histogram contains more fine-grained information which is related to
the time relationship of RSS measurements. Therefore, the classification accu-
racy rate is been effectively improved. On the other hand, the proposed system
has excellent tracking performance because the transfer relationship between dif-
ferent sub-areas is helpful to correct the location results. Therefore, the proposed
method has more excellent performance.
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