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Introduction 
•  Internet of Things (IoT) 

–  Internet connects system, applications, 
devices which referred to as “Things”. 

– The technologies of IoT has extended to 
•  Identification and Tracking 
•  Sensing and Actuation 
•  Intelligence and Cognition 

•  People counting – used for forecasting, 
resource allocation, facility management 
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Radio Irregularity 
•  Radio frequency (RF) signal propagates within 

a medium, it maybe  
–  REFLECTED 
–  DIFFRACTED 
–  SCATTERED 

•  The phenomenon is known as RADIO 
IRREGULARITY 

•  RECEIVE SIGNAL STRENGTH fluctuates 
when the phenomenon of radio irregularity 
occurs. 
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Related Work 
•  People Counting Methods 

–  Infrared(IR) counter 
– Thermal Imaging 
– Video-based people counter 

•  Radio-based Detection 
– Woyach, et al., first reported the shadowing 

effect cased by objects moving between two 
communicating devices. 
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Related Work 
•  Radio-based Detection and Counting 

– Puccinelli, et al., use Received Signal 
Strength (RSS) for outdoor people counting 
! major drawback: RSS changes under 
different environment. 

– Lee, et al., use fluctuation of RSS as 
detection indicator which reduces the impact 
of environmental factors. 
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Related Work 
•  Radio-based Counting and Localization 

– Lin, et al., use RSS fluctuation to count 
multiple persons, up to two persons walking 
side-by-side along a corridor. 

– Patwari, et al., measure the RSS of links 
between many pairs of nodes to infer the 
locations of people or objects moving in the 
network; utilizes complex signal processing. 
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Exploiting Radio Irregularity 
•  Received Signal Strength (RSS) level 

varies across different environments and 
over time. 

•  Our detection approach uses RECEIVE 
SIGNAL FLUCTUATIONS to determine 
the presence of moving objects. 

•  For each consecutive packet received, 
measure the RSS and compare it with 
the RSS of the previous packet. 
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Receive Signal Fluctuations 
•  For a given packet pi, 

the RSSI fluctuation  
are calculated as:  

F(pi) = RSS(pi) - RSS(pi-1) 
•  Certain patterns are 

associated with the 
existence of a moving 
object in the physical 
environment 
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Detection of Pedestrian Traffic 
•  Corridor in building 
•  Single transmitter-

receiver pair based 
on IEEE802.15.4 

•  1.5m apart, 1.1m 
high 

•  Inter-packet interval 
0.15 seconds 
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(a) False positives by detection method in [2]
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(b) Movement detected by our method

Fig. 8. Detection results using dataset of [2]

Fig. 9. Deployment along corridor of building in university
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Fig. 3. RSSI Fluctuation

We then define a sliding window of n samples, where n is a parameter that can be tuned to achieve

the desired accuracy for the target environment. In our example, a sliding window of size n = 10 is used

to observe the behaviour of RSSI fluctuation. Therefore, a window of RSSI fluctuations at sample 200 is

shown in Fig. 4.

At sample 200, using the window of 10 previous readings, the mean and standard deviation are com-

puted as 0.2727 and 4.6280 respectively. We then map the RSSI fluctuations into the normal distribution

with the mean and standard deviation for that window, i.e. µ = 0.2727 and σ = 4.6280, as shown in

Fig. 5a representing the case where the signal has been subjected to interference by human movement

across its path. Similarly, the normal distribution of RSSI fluctuation at sample 600, where there is no

movement, is shown for comparison in Fig. 5b. From the graphs, we compute the probability of the RSSI
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Fig. 4. RSSI fluctuations over a window size of 10

fluctuation falling within the range [-1,1] (i.e. area under the curve from -1 to 1) to be 0.17078 for the case

where there is movement across the signal path (i.e. sample 200) and 0.84303 for the case where there is

no movement (sample 600). For the dataset shown in Fig. 2, we compute the probability of falling with

the fluctuate range [-1,1] and plot the results as shown in Fig. 6. As shown, the probability of fluctuations
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a) RSSI fluctuation without movement

-7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7
0

20

40

60

80

100

RSSI fluctuation (dB)

Fr
eq

ue
nc

y 
(%

)

b) RSSI fluctuation with movement

Fig. 1. RSSI Fluctuation Patterns [2]

3.2 Human Detection

Our proposed algorithms computes the fluctuation between the RSSI of packets received at a receiver.

The absolute RSSI readings for packets recorded at the receiver over a period of time is shown in Fig. 2.

From the absolute RSSI readings, the fluctuation of RSSI readings is calculated, as shown in Fig. 3.
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Fig. 2. Absolute RSSI reading
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Motion Detection Algorithm 
•  Step 1: Data Collection 

•  Step 2: Calculate RSSI Fluctuations 
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Motion Detection Algorithm 
•  Step 3: Compute probability of the RSSI 

fluctuations falling within the range [-1, 1] 

© Winston Seah, ECS 
Winston.Seah@ecs.vuw.ac.nz 

12 

Movement No Movement 
UOR Workshop 2011 
Nanzen University 



Motion Detection Algorithm 
•  Probability within [-1, 1] 
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Motion Detection Algorithm 
•  Step 4: Making Decision 

 Probability > 0.3  
! NO MOVEMENT 

 Probability ! 0.3  
! MOVEMENT  
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Detect & Count People 
•  Wireless Sensor Setup 
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Fig. 10. Detection of pedestrian traffic along corridor

4.2 Single transmitter-multiple receiver configuration

In a pervasive network environment like IoT, it is not inconceivable to have numerous small wireless

devices present. A conceptual deployment scenario like that shown in Fig. 11 can be assumed, and we

look at a subset configuration of one-transmitter and two-receivers as shown in Fig. 12.

Fig. 11. Conceptual Configuration

Using the one-transmitter two-receiver configuration, the transmitter broadcasts packets at a rate of

one packet every 0.15 seconds. Receiver R1 is 1.5m from transmitter T (d1 = 1.5m)and R2 is 1.5m from

R1(d2 = 1.5m). As two persons walk along the path between T and the two receivers in the direction

shown in Fig. 12, they first cross the T-R2 signal transmission path, followed by the T-R1 signal path.
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Fig. 12. One-Transmitter Two-Receiver Configuration

A key point to note is the different signal interference zones that result from the movement of the two

persons.

First, we collected data for one person walking across the signal transmission path, passing first R2

then R1 to be used as the reference case. The detection results correctly show that one person passed at

around the time of sample 100 and another at around sample 200, as shown in Fig. 13. Intuitively, the

detection result at sample 100 is more logical since the person passed R2 first, then R1. However, as the

two receivers at very close to each other, having the two receivers showing signal fluctuations at almost

the same instant is also likely especially when the person is walking fast.

Next, we collected data for the case of two persons walking side-by-side in the direction of R2 to R1

as shown in Fig. 12. We expect that the detection duration of T-R2 should be longer than T-R1. This is

because the T-R2 signal experienced a longer duration of interference than the T-R1 signal. The detection

result of two people walking from R2 to R1 shown in Fig. 14 confirms our hypothesis. However, we also

observed a false positive detection at sample 64. As the two receivers are placed closed to each other,

1.5m apart, we can assume that it is unlikely for a moving object to be detected by one receiver but not

the other. Therefore, by comparing and matching the data from both receivers, we can perform a simple

optimization process to remove such false positive detections, to achieve the desired results as shown in

Fig. 15.
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Fig. 12. One-Transmitter Two-Receiver Configuration

A key point to note is the different signal interference zones that result from the movement of the two

persons.

First, we collected data for one person walking across the signal transmission path, passing first R2

then R1 to be used as the reference case. The detection results correctly show that one person passed at

around the time of sample 100 and another at around sample 200, as shown in Fig. 13. Intuitively, the

detection result at sample 100 is more logical since the person passed R2 first, then R1. However, as the

two receivers at very close to each other, having the two receivers showing signal fluctuations at almost

the same instant is also likely especially when the person is walking fast.

Next, we collected data for the case of two persons walking side-by-side in the direction of R2 to R1

as shown in Fig. 12. We expect that the detection duration of T-R2 should be longer than T-R1. This is

because the T-R2 signal experienced a longer duration of interference than the T-R1 signal. The detection

result of two people walking from R2 to R1 shown in Fig. 14 confirms our hypothesis. However, we also

observed a false positive detection at sample 64. As the two receivers are placed closed to each other,

1.5m apart, we can assume that it is unlikely for a moving object to be detected by one receiver but not

the other. Therefore, by comparing and matching the data from both receivers, we can perform a simple

optimization process to remove such false positive detections, to achieve the desired results as shown in

Fig. 15.
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Detect & Count More People
•  Standard Deviation Detection 

Algorithm 
– Enable us to derive more information 

from RSS data 
•  Discriminant Analysis 

– Perform discriminant analysis on 
information of positive detection to 
generate discriminant functions
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Std Dev Detection Algorithm 
•  We compute the standard deviation of 

RSSI fluctuation within a sliding window. 
•  Using same dataset before. 
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Std Dev Detection Algorithm
Detection Criteria 

 Std Dev ! 2  
! NO MOVEMENT 

 Std Dev > 2  
! MOVEMENT  
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Applying Discriminant Analysis
•  Find linear combination of measurements 

which characterize groups 
– Two phases: Training and Classification 

•  Use Std Dev of RSSI fluctuations of 
detected movement as primary dataset 

•  Utilize the information from each positive 
detection, namely, Mean, Std Dev, 
Coefficient of Variation (CV), Duration of 
fluctuations, and area under curve 
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Applying Discriminant Analysis 
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Fig. 18. Experimental Data for one person in a single experiment

IV Wilks’ Lambda F p-value

R1 mean 0.773 17.986 0.001

R2 mean 0.992 5.207 0.000

R1 std 0.640 34.437 0.000

R2 std 0.692 27.311 0.000

R1 CV 0.485 65.034 0.000

R2 CV 0.436 79.137 0.000

R1 duration 0.633 35.572 0.000

R2 duration 0.256 178.008 0.000

R1 area 0.713 24.605 0.000

R2 area 0.603 40.256 0.000

TABLE 1

Test of Equaltiy of Group Means

as evidence of significant difference in R2 detection duration than any other independent variables. In

addition, in statistical significance testing, the null hypothesis is rejected when the p-value is smaller than

the significance level α which is 0.05. The results are considered to be statistically significant when null

hypothesis is rejected.
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Fig. 12. One-Transmitter Two-Receiver Configuration

A key point to note is the different signal interference zones that result from the movement of the two

persons.

First, we collected data for one person walking across the signal transmission path, passing first R2

then R1 to be used as the reference case. The detection results correctly show that one person passed at

around the time of sample 100 and another at around sample 200, as shown in Fig. 13. Intuitively, the

detection result at sample 100 is more logical since the person passed R2 first, then R1. However, as the

two receivers at very close to each other, having the two receivers showing signal fluctuations at almost

the same instant is also likely especially when the person is walking fast.

Next, we collected data for the case of two persons walking side-by-side in the direction of R2 to R1

as shown in Fig. 12. We expect that the detection duration of T-R2 should be longer than T-R1. This is

because the T-R2 signal experienced a longer duration of interference than the T-R1 signal. The detection

result of two people walking from R2 to R1 shown in Fig. 14 confirms our hypothesis. However, we also

observed a false positive detection at sample 64. As the two receivers are placed closed to each other,

1.5m apart, we can assume that it is unlikely for a moving object to be detected by one receiver but not

the other. Therefore, by comparing and matching the data from both receivers, we can perform a simple

optimization process to remove such false positive detections, to achieve the desired results as shown in

Fig. 15.
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Applying Discriminant Analysis
50 samples of each group (1~5 people) 
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Fig. 12. One-Transmitter Two-Receiver Configuration

A key point to note is the different signal interference zones that result from the movement of the two

persons.

First, we collected data for one person walking across the signal transmission path, passing first R2

then R1 to be used as the reference case. The detection results correctly show that one person passed at

around the time of sample 100 and another at around sample 200, as shown in Fig. 13. Intuitively, the

detection result at sample 100 is more logical since the person passed R2 first, then R1. However, as the

two receivers at very close to each other, having the two receivers showing signal fluctuations at almost

the same instant is also likely especially when the person is walking fast.

Next, we collected data for the case of two persons walking side-by-side in the direction of R2 to R1

as shown in Fig. 12. We expect that the detection duration of T-R2 should be longer than T-R1. This is

because the T-R2 signal experienced a longer duration of interference than the T-R1 signal. The detection

result of two people walking from R2 to R1 shown in Fig. 14 confirms our hypothesis. However, we also

observed a false positive detection at sample 64. As the two receivers are placed closed to each other,

1.5m apart, we can assume that it is unlikely for a moving object to be detected by one receiver but not

the other. Therefore, by comparing and matching the data from both receivers, we can perform a simple

optimization process to remove such false positive detections, to achieve the desired results as shown in

Fig. 15.

September 24, 2011 DRAFT

16

1 2 3 4 5
0

10

20

30

40

50

60

70

80

90

100
Group Statistics 

Groups (Number of People)

Va
lu

e

 

 

R1 mean
R2 mean
R1 std
R2 std
R1 CV
R2 CV
R1 duration
R2 duration
R1 area
R2 area

Fig. 19. Mean of independent variables of each group

Functions Eigenvalue % of variance Canonical Correlation

1 5.717 82.9 0.923

2 0.952 13.8 0.698

3 0.146 2.1 0.357

4 0.084 1.2 0.279

TABLE 2

Table of Eigenvalues

The information of each discriminant function is shown in Table 2. There are five groups, namely ’one

person’ to ’five people’ and as a result four discriminant functions are produced. With high Eigenvalue

and percentage of variance, function 1 covers most total statistical population.

The relative importance of each independent variable in each discriminant function can be found by

analyzing the structure matrix table. These ’Pearson’ coefficients are discriminant loadings which act like

factor loadings in factor analysis [16]. Generally, an absolute value of 0.3 is taken to be the threshold that

separates a significant from an unsignificant variable. For example, we have five independent variables

in discriminant function D1, namely, ’R1 CV’, ’R2 CV’, ’R1 duration’, ’R2 duration’, and ’R2 area’ that

discriminates between groups.

The discriminant function coefficient shows the contribution of each independent variable to the

discriminant function. It operates like a regression equation. For example, the discriminant function D1

and D2 are shown below.
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The information of each discriminant function is shown in Table 2. There are five groups, namely ’one

person’ to ’five people’ and as a result four discriminant functions are produced. With high Eigenvalue

and percentage of variance, function 1 covers most total statistical population.

The relative importance of each independent variable in each discriminant function can be found by

analyzing the structure matrix table. These ’Pearson’ coefficients are discriminant loadings which act like

factor loadings in factor analysis [16]. Generally, an absolute value of 0.3 is taken to be the threshold that

separates a significant from an unsignificant variable. For example, we have five independent variables

in discriminant function D1, namely, ’R1 CV’, ’R2 CV’, ’R1 duration’, ’R2 duration’, and ’R2 area’ that

discriminates between groups.

The discriminant function coefficient shows the contribution of each independent variable to the

discriminant function. It operates like a regression equation. For example, the discriminant function D1

and D2 are shown below.
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Applying Discriminant Analysis
•  Perform discriminant analysis on 

measurements of positive detection 
– Four Discriminant Functions are produced 

which are the functions that best separate 
between groups. 

•  Classify the positive detection using 
discriminant analysis. 
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Classification Results
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Fig. 20. Combined Group Plots of Discriminant Function 1 and 2

close proximity of one another as a result of human interference and deduce the number of human objects

that have crossed the paths of these signals.

In this paper, we have proposed a network-oriented approach that utilizes RSS information of received

packets to detect and count people when they cross the signal transmission paths. This information can

be easily obtained from device drivers of wireless network interfaces when the packets are received and

the goal of our approach is to be able to easily utilize the existing wireless transmitters and receivers

already deployed in the environment. Our approach which is based on the RSSI fluctuations between

consecutive packets does not require accurate channel models nor complex signal processing techniques.

Using a simple configuration of two receivers deployed in close proximity to each other, we have first

demonstrated the ability to detect two persons walking side-by-side along a typical 1.5m wide corridor

using a straightforward approach based on the difference in the periods of fluctuations experienced by

the two signals paths as the two human subjects pass. We then extended our scheme to detect more

human subjects using the same two-receiver configuration together with discriminant analysis to process

the signal fluctuation data. We have been able to accurately detect and count up to five persons with an

September 24, 2011 DRAFT

•  Distinct 
clusters for 
groups of 1, 2 
and 3 persons 

•  Accuracy 
drops as 
group size 
gets larger 



Classification Results
•  81.6% (204/250) overall accuracy in 

detecting # of people comprising a group 
•  97.9% (734/750) achieved in predicting 

individual head counts 
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Conclusion 
•  Turn a problem (radio irregularity) into a tool 
•  Demonstrated the feasibility of using available 

wireless communication devices to detect and 
count people in the environment 

•  Signal fluctuation remain stable regardless of 
the environment; absolute signal level changes 
across different environments 

•  Able to successfully detect up to 5 people with 
overall accuracy of 81.6% in predicting group 
size and 97.9% in actual head counts 
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What next? 
•  Practical limit of the scheme needs to be 

assessed; it is not a standalone system 
•  Extending the scheme to other wireless 

technologies, e.g. IEEE802.11 or WiFi 
•  Information fusion – integrating detection from 

more sensor-pairs in the network for target 
tracking 

•  Wireless sensor network protocol that 
combines both detection (using radio 
irregularity) and data delivery 
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For more information 
Contact details: 
Email: 

Winston.Seah@ecs.vuw.ac.nz 
URL: 

http://homepages.ecs.vuw.ac.nz/~winston 

http://ecs.victoria.ac.nz/Main/WinstonSeah 
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