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An IMU-Based Human Behavior Recognition System
for Upstairs and Downstairs Movement

Student: Tsung-Heng Wu Advisor: Prof. Yu-Chee Tseng

Institute of Computer Science and Engineering

National Chiao-Tung University

Abstract

The accuracy of RF-based indoor localization has been improved in recent years.
However, drifting problem has been an important factor of causing localization
inaccuracy. In multi-story indoor localization, drifting problem between floors is not
acceptable. In this thesis, we propose a system to detect human behavior of changing
floors, including elevator going up/down floors and going upstairs/downstairs using
Inertial Measurement Unit (IMU) sensor. We proposed novel algorithms to recognize
human behaviors by matching the current pattern with training patterns. By using our
scheme, multi-story indoor localization systems are able to fix the positioning results in
the same floor when no floor changing behaviors are detected. Therefore we are able to

solve the drifting problem of changing floors.
Keywords: IMU, human behavior recognition, altitude detection, indoor localization,

positioning, body sensor network, wireless sensor network, pattern-matching, longest

common subsequence, longest common substring.
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Chapter 1

Introduction

Recently, indoor positioning has been more and more popular. Unlike outdoor positioning, in-
door positioning cannot use GPS and often need to deal with multi-story environment. GPS
signal cannot be received indoors, so that other positioning methods using RF signal are pro-
posed. Most widely used positioning method using RF signal is Wifi positioning with NNSS []1].
However, RF signal is not stable and changes with time and environment. This will cause the
estimated location drift with time even when the user is static, and we call this type of prob-
lems, Drifting Problem. In indoor positioning, multistory environment is very common. How-
ever, drifting problem between floors is not acceptable since this will cause huge error distance.
Therefore, the knowledge of current floor 1s important to indoor positioning.

To obtain the current floor information, some method are proposed. In [[15,/18], Barometer
are used to detect the current height, and then calculate the current floor. However, atmosphere
pressure changes with time and it need reference point to calculate the relative height. In addi-
tion, barometer is not built-in in most mobile devices, and extra hardware are needed with extra
cost.

There are more and more mobile devices with Wifi and Inertial Measurement Unit (IMU)
built in. Also, IMU is frequently used as pedometer or step counter. In order to take advantage
of built in sensors, we may use IMU to detect human behavior of changing floors to obtain the
current floor information. While users are not doing any behavior of changing floors, the users
will be lock on the same floor to avoid drifting problem between floors. In the other hand, if
users are performing some behavior of changing floor, our system will change the users’ floor
according to the behavior user performs. This way, the drifting problem between floors can be

solved.



The rest of the thesis is organized as follows. Chapter 2 expresses the related works of our
method. Chapter 3 defines the problem we are solving. Chapter 4 shows our observation of this
work. We explain our detailed approach in Chapter 5. Chapter 6 illustrates how we design our

approach and demonstrates the performance of our system. Chapter 7 concludes the thesis.



Chapter 2
Related Works

Our work is related to works of the following two categories: Pedestrian dead reckoning Inertial
Navigation System(PDR INS) and altitude detection. Inertial navigation system is a navigation
system using IMU. Pedestrian dead reckoning is to estimate one’s current position based on a
previously determined position. Altitude detection is to detect the current altitude of user lo-
cated. In Pedestrian dead reckoning inertial navigation system [2-6}(8-12,/14,/17,/19,21-23]],
mostly are using IMU to detect movement. Initially, there’s an initial location obtained by all
possible positioning method such as GPS, Wifi Positioning or even manually input. Human
moves using their legs and legs swing when walking, so for every step moves, an estimation
will be made based on previous move. This way, the first important part for PDR is pedometer
or step counter using IMU. This part is well-developed and its accuracy is high. However, for
movement estimation, step count is not the only information needed. User’s heading direction
and length of every step are also required. By using magnetometer, direction can be easily ob-
tained, but the magnetometer can be easily affect by the environment and will cause errors. The
most difficult part is the estimation of step length. Accelerometer is used to estimate the distance
of a step move. However, accelerometer is used to estimate length by double integration, and it
will cause huge cumulative error. This way, a method called zero-velocity update (ZUPT) [19]
is introduced. ZUPT resent the velocity of the user to zero when every step is performed since
every time the foot steps on the ground, the velocity becomes zero. ZUPT can reduce the er-
ror caused by the double integration of acceleration and has error with linear degree of time.
The works of PDR inspires our work of detecting the movement of human. However, the most
different part is that our work detects the movement of changing floors. Step length is not our

concern but the vertical direction. Also, our main purpose is to assist localization system, not



to replace it, therefore, our goal is to recognize the event of upstairs and downstairs movement,
which is different from PDR systems that focus on the location. In altitude detection, IMU [/7]
and barometer [13,/15/18]] are used to measure height changes. Same as PDR using IMU for step
length, IMU can also be used for vertical movement. By using double integration of vertical
acceleration, height changes can be obtained. However, problem of high cumulative error still
exists. The strength of this method is that no extra hardware needed but the accuracy is low. On
the other hand, barometer can also be used to detect height changes by measuring atmosphere
pressure. Atmosphere pressure changes with altitude. For every 100 meter height increase,
atmosphere pressure will decrease 8 mmHG. However, atmosphere pressure also changes with
time, so we are only able to obtain the relative altitude by two atmosphere measurement and a
reference point is needed in the infrastructure for obtaining current height. Also, in [18]], it says
that atmosphere pressure tends to change in indoor environment. Even opening the door of a
room will cause the measurement of atmosphere pressure changing. This way, although IMU
and barometer provide solutions to detect altitude changes, the accuracy is not satisfactory. In
our system, we use IMU to avoid extra hardware cost and avoid directly calculating length from

acceleration to avoid cumulative error.



Chapter 3

Problem Definition

In this chapter, we will define the problem we are solving. We will first make assumptions of
our problem, and then describe the input and output of the problem. Finally, we will show our
goal of solving this problem. In this problem, we assume that users are in the indoor envi-
ronment of building with several stairs and elevators. Users are equipped with an IMU sensor
and mobile device for running our system. IMU sensors we are using include accelerometer
and magnetometer. Mobile Devices are including notebook, smart phone and so on. The in-
put of this problem is the IMU measurements from IMU sensor. IMU measurements include
3-axis acceleration and Euler angles. These measurements are put into the system continuously.
The output of this problem is the behavior system detected including walking upstairs, walking
downstairs, taking elevator upstairs and taking elevator downstairs. For stairs, step of walking
upstairs or downstairs will also be output. For elevator, the number of floors of elevator moves
will also be output. The goal to solve this problem is to detect the human behavior of upstairs
and downstairs movements in an accurate way. By achieving this, we are able to use this system

to assist positioning system for better location estimation.



Chapter 4

Observation

IMU to detect human behavior of changing floors, we need to do several observations of human
behavior of changing floors by using IMU sensor. IMU sensors often consist of accelerometer,
magnetometer and gyro. Accelerometer is able to measure the 3-axis accelerations so that the
movement of the measured object can be acknowledged. Magnetometer along with accelerom-
eter is able to measure the Euler angles, which consist of roll, pitch, yaw, representing 3-axis
degree of the pose of the measured object. Gyro is able to measure the 3-axis angular accel-
erations so that the relative pose changing of measured object can be obtained and this is also
helpful to obtain the Euler angles with higher precision. However, gyro is optional for obtain-
ing the Euler angle. In this section, we will first do the observation of acceleration. Then, we
will do the observation of Euler angles. By the two observations above, we will then see the
observation of elevators and the observation of stairs and present what measurements of IMU
are useful in our system for behavior detection. Finally, we will show that different persons
and different parts of the body may also apply to our system during our observation. We do
our observation with the IMU located in our waist with the same person. Then, in the section
of Different Persons and Different Parts, we do our observation with different persons with the
IMU located on waist. Then, we do our observations with the IMU located on waist and foot of

a person.

4.1 Choosing Meaningful Measurement: Acceleration Ob-
servation

In the acceleration observation as Fig. . T|and Fig.[4.2] we have three measurements: X-axis Ac-

celeration, Y-axis Acceleration and Z-axis acceleration. These measurements are representing



the acceleration of three orthogonal directions. By recording the measurements of the Accel-
eration of a person taking elevator going up, going down, walking upstairs and downstairs, we

are able to see how acceleration measurements change during the trajectory. When a person is

Elevator DOWN 5F = 1F (X-axis) Elevator UP 1F = 5F (X-axis)
= X-axis Acceleration = X-axis Acceleration
Elevator DOWN 5F = 1F (Y-axis) Elevator UP 1F = 5F (Y-axis)
= -axis Acceleration —Y-axis Acceleration
Elevator DOWN 5F = 1F (Z-axis) Elevator UP 1F = 5F (Z-axis)
e Z-axis Acceleration \/

Figure 4.1:'Observation of Acceleration: Elevator.

taking elevator going up and going down, we find that the X-axis and Y-axis of acceleration is
almost zero all the way from the start to the end. This is due to the absent of horizontal move-
ment when we taking an elevator. However, we can see that in the Z-axis of acceleration, we
find a curve with concave up, straight vertical line and concave down when elevator is going
up and a curve with concave down, straight vertical line and concave up when elevator is going
down. This shows that the elevators accelerate at first and keep the constant velocity and finally
decelerate. This is meaningful and clear enough to recognize the patter. Therefore, the Z-axis
acceleration may be useful of detecting the behavior of taking an elevator. When a person is
walking upstairs and downstairs, the curves of acceleration of all 3 axis are repeated over time.
However, in the axis of X and Y, the curves of walking upstairs and walking downstairs are sim-
ilar to each other. This is not desired when we are detecting the behaviors since this will easily
cause the ambiguous situations. Also, in the axis of Z, the curve may be useful, but the curve is

too complicated and with lots of noise, so we can turn into the Euler Angle to see whether there
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Upstairs 8 Step (X-Axis) Downstairs 8 Step (X-Axis)

| e

Upstairs 8 Step (Y-Axis) Downstairs 8 Step (Y-Axis)

Upstairs 8 Step (Z-Axis) Downstairs 8 Step (Z-Axis)

Figure 4.2: Observation of Acceleration: Stairs.

are better measurements for detection of walking upstairs and downstairs.

4.2 Choosing Meaningful Measurement: Euler Angles Ob-
servation

In the Euler angles observation as figure Fig. 4.3 and Fig. #.4] we have three measurements:
roll, pitch and yaw. These three measurements represent the degrees of rotation of an measured
object along X-axis, Y-axis and Z-axis separately. We also record the measurement of the Euler
angles of a person taking elevator going up, going down, walking upstairs and downstairs,
we are able to see how the Euler angle measurements change during the trajectory. When
a person is taking elevator going up and down, we find out that all the three axes keep the
same value during the trajectory from the start to the end. This is because when you take an
elevator, you are not changing the pose at all. You’ll stand all the way in static through the
movements. Therefore, Euler angles are not meaningful to the behavior of elevator. When a
person is walking upstairs and downstairs, we find that all Euler angles have measurements
changing over the movements. This is because our poses keep changing over time when we

are walking upstairs and downstairs. Although all Euler Angles have readings changing with



Elevator UP 1F = 5F (Roll)

Elevator DOWN 5F = 1F (Roll)

——Roll

——Roll

Elevator UP 1F = 5F (Pitch)

Elevator DOWN 5F = 1F (Pitch)

——Pitch

Elevator UP 1F = 5F (Yaw)

——Pitch

Elevator DOWN 5F = 1F (Yaw)

Yaw

Figure 4.3: Observation of Euler Angles: Elevator.

time, not all the Euler Angles here are meaningful. For pitch, the curves repeats and the curves
are clear enough to recognize. However, for the roll and yaw, it is too similar between walking
upstairs and walking downstairs for these two types of readings and this will cause ambiguous
situations. Therefore, Roll and Yaw are not suitable for use in the detection of Stairs. On the
other hand, Pitch is a good measurement. For walking downstairs, a W-shaped curve is repeated
over time, and for walking upstairs, a U-shaped curve is also repeated over time. This way, we

find out that the Pitch value is meaningful for the detection of stair behavior.

4.3 Feature of Elevator Measurement

In elevator observation, we can conclude from the observation of acceleration and Euler angle
that vertical acceleration is the most meaningful measurement for the elevator detection. As
Fig. for the movement of an elevator going up, the graph of vertical acceleration and time
will be concave up at first, vertical straight line in the middle and concave down in the end
meaning that acceleration to the direction of up at first, constant velocity in the middle and

deceleration in the end. For the movement of an elevator going down, the graph will be similar



Upstairs 8 Step (Roll) Downstairs 8 Step (Roll)

=

Upstairs 8 Step (Pitch) Downstairs 8 Step (Pitch)

= W

—— Pitch

——Roll

— Roll

—— Pitch

Upstairs 8 Step (Yaw) Downstairs 8 Step (Yaw)

Figure 4.4: Observation of Euler Angles: Stairs.

but the direction is in the opposite way. Also, we find out that for the same elevator, when the
elevator is going up or down for more floors, not only the time of movement gets longer but also
the peak value of the acceleration and deceleration. This feature enables us to not only detect
the direction of the elevator, but also the number of floors elevator moves. This way, in the
graph of vertical acceleration and time, we know that when the concave up, vertical straight and
concave down appears, it’s the movement of elevator going up, and when the concave down,
vertical straight and concave up appears, it’s the movement of elevator going down. Also,
when the time and the peak value of concave grow, we know that the elevator is moving more
floors. Therefore, in the following section, we are able to design a method to detect not only the

direction of the elevator but also the number of floors the elevator moves.

4.4 Feature of Stairs Measurement

In stair observation, we can conclude from the observation of acceleration and Euler angles that
the measurement of pitch of the Euler angles is the most suitable measurement for detection
the behavior of walking stairs. As Fig.[4.7]and Fig. 4.6 for the movement of walking upstairs,

walking downstairs and working on the floor, the graph of pitch value and time shows that

10
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Figure 4.5: Observation of Elevator.

when users walking every 2 steps, a pattern between two local maximum appears and repeats.
Also, the graph of walking upstairs, walking downstairs and walking on the floor is really
different from each other. This way, we can know that when users are walking upstairs, walking
downstairs and walking on the floor, the pattern can be recognize for every two steps users
walk. Also, we know that the pattern between the two local maximums is meaningful since
when users are walking, the angle of body will change with time and our body does the same
behavior over time repeatedly, and the local maximum will be the point that the users start and
end the behavior. Therefore, in the following section, we are able to design a method to detect
the behavior of the user’s movement of walking upstairs, walking downstairs and walking on

the floor and the number of behaviors of every two steps has performed by users.

4.5 Observation of Different Persons and Different Body Parts

In our observations, we also make observations on different persons and different body parts of a
person to make sure we can have more generic observations. In order to verify our observation
on various persons, we perform the same observation on different persons. According to the
observation, we can see that even different person perform the same behavior, the patterns of

walking upstairs, walking downstairs and walking on the floor are similar among several persons

11



Figure 4.6: Observation of Walking Downstairs.

as as Fig. 4.8 Also, in order tomake sure that using the measurement we use in Elevator
Observation and Stairs Observation can also detect the same behaviors when IMU is put in
different parts of body, we performs the observation on different part of human body. According
to the observation, we can see that the patterns of walking upstairs, walking downstairs and

walking on the floor are different from each other even when IMU is put in different parts of

body as as Fig. 4.9

12
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Chapter 5
Methodology

We propose a system for human behavior detection using IMU sensors. In our system, we focus
on the human behavior detection of changing floors. Mostly, the human behaviors of changing
floors are taking elevator upwards and downwards, and walking upstairs and downstairs. This
system is composed of two major parts: hardware and software algorithms. Hardware part
mainly consists of IMU sensors. Software algorithm part includes training phase and online
phase. We assume that there are several IMU sensors on the user’s body. First, we need training
phase to obtain the training patterns of human behaviors in advance and save these patterns into
training pattern database. Then, when user starts to use our system, we use our online phase. In
online phase, we gather the measurement data from the IMU sensors of the user and then pass
the data filtering module for noise reduction. Then we process the input data to current pattern
by the current pattern formation module. Finally, the behavior detection module matches the
current pattern with the training patterns in training pattern database, and the behavior detection
module will output the behavior trigger similarity. The system will then trigger detection based
on the trigger similarities. In this section, we will first introduce our system architecture. Then,
we will introduce the components of our system orderly including IMU Sensor Measurement,
Training Phase and Online Phase. We will explain our methods in considering of Elevator

Detection and Stairs Detection.

5.1 System Architecture

In our system there are two major parts: Hardware and Software. The Hardware Part is mainly
about IMU sensors. IMU sensors are hanged on the user body to detect the pose and movement

of human body. The Software Part consists of two major phases: Training Phase and Online

15



Phase. In Training Phase, there are two major steps: data filtering and training pattern forma-
tion. Data filtering is to pass filters to reduce noises and errors. Training pattern formation is
to form a training pattern by segmenting meaningful part of measurement and convert the data
into patterns for further use in online phase. Training Data Formation consist of two steps: pat-
tern segmentation and pattern acquisition. Pattern Segmentation is to cut the continuous IMU
measurements automatically into meaningful segments. Pattern Acquisition is to convert the
meaning segments into several types of training patterns for online use. In online phase, there
are three major steps: data filtering, current pattern formation and behavior detection. The first
two steps are the same as the training phase but the IMU measurement is from the user using
our system for behavior recognition online. For the first two steps, we can obtain the current
pattern in the end of the step. The third step is called behavior detection. Behavior detection
is to match the training pattern in training pattern database with current pattern. We propose
three matching methods including: Pattern-Matching, Longest Common Substring and Longest
Common Subsequence. Finally, behavior detection will calculate the trigger similarity accord-
ing to our matching methods and the system will trigger the behavior according to the trigger

similarity.

System Architecture
MU ardware
=, \ |y TrainingPhase 1 OnlinePhase VR 'gaftgm?a'ré

Data Filtering Data Filtering

Low Pass Filter Filters Other Filters...

N

Low Pass Filter FlSE Other Filters...

I

Current Pattern Formation

Training Pattern Formation

Pattern Segmentation

Pattern Acquisition

Pattern Segmentation

Pattern Acquisition
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Full Pattern Discrete Pattern § Discrete Pattern
™
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Full Pattern Discrete Pattern [ Discrete Pattern
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Pattern
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Figure 5.1: System Architecture.
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5.2 Hardware: IMU Sensor Measurement

In our system, IMU sensors are placed on the three different place of human body. We put them
on the chest, the waist and the foot. The IMU sensor on the chest is put on the front pocket of
the shirt. The IMU sensor on the waist is tied on the belt of pants. The IMU sensor on the Foot
is stuck on the ankle. We measure the vertical acceleration and pitch readings from the IMU
sensors simultaneously. Then, we forward these readings from IMU sensors to our behavior
detection algorithm of both elevator detection and stairs detection. In elevator detection, we use
the measurement of vertical acceleration, and in stairs detection, we use the measurement of

pitch.

5.3 Software I: Training Phase

Training phase is to obtain the features of human behaviors in advance for further detection. We
call the features of human behaviors training pattern. After we obtain the training patterns, we
add them into the training pattern database. Training pattern database is a database containing
the training patterns obtained from the training process. These data represents the behaviors
and will be used for matching in online phase. We have two steps in this process: data filtering
and training pattern formation. Firstly, data filtering is to do filtering in order to reduce noise,
such as low pass filter. Then, we will obtain and segment the measurements into the feature of
human behaviors from observation. Finally, we form a training pattern by defining the pattern
and the method of transforming into a desired pattern. In the following, we introduce the three

steps of Training Processes and explain them in both elevator detection and stairs detection.

5.3.1 Data Filtering

Filtering step is to process the data we obtain from IMU sensors. In this step, we process the
data in order to reduce the noise of data and transform the data into the form that will be used

in training pattern formation step.
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Elevator Detection

In the data filtering step of elevator detection, we process our patterns by low pass filter(LPF).

low pass filter can be addressed as following equation:
a,:=axa+(1—a)xa,_, (5.1)

a; is the i-th element before LPF processing. a is the i-th element after LPF processing. a;_, is
the (i-1)-th element after LPF processing. « is a parameter controlling the frequency to be cut
off. We use low pass filter to filter out the high frequency noise. During our observation, since
frequency of walking is much higher than the frequency of elevator’s movement, we can filter

out the noise which walking may make as in Fig.[5.2]

Figure 5.2: Low Pass Filter reduces high frequency noises.

Stair Detection

In the data filtering step of stair detection, according to the observation, the stair behavior mea-
surement of pitch value is clear enough so that no filtering is needed in stair detection.

5.3.2 Training Pattern Formation I: Pattern Segmentation

Pattern segmentation step is to obtain the useful data for determining specific human behaviors.
In this step, we focus on what measurement should be used and what should be obtained for

detection.

Elevator Detection

In the pattern segmentation step of elevator detection, we use the vertical acceleration measure-
ment to obtain the all combination of the elevator’s moving pattern. For example, if there’s an
elevator which can move from the first floor to the third floor, we then record the up 1 floor pat-

tern, up 2 floor pattern, down 1 floor pattern and down 2 floor pattern. During our observation,
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the elevator moving up 1 floor will all be similar when the floor height is the same. However,
during the case of different floor heights, more patterns will be needed. For example, same as
the elevator in the previous example, we need the pattern up from first floor to second floor and
the pattern up from the second floor to third floor instead of the up 1 floor pattern in the previous

example. We record patterns of every elevator we need to detect.

Stair Detection

In the pattern segmentation step of stair detection, we use the pitch measurement to obtain the
features used in stair detection. In this step, we obtain three types of human behavior related to
stair detection including walking upstairs, walking downstairs and walking on the floor. During
our observation, we find out that the pattern between two local maximum which will repeat
when the same behavior is performing. This way, the repeat pattern is the feature we want to
gather in this step. To obtain a more general pattern, we will do the same behavior for several
times and average them. We will have a deeper look in Pattern Formation step of averaging

patterns.

5.3.3 Training Pattern Formation II: Pattern Acquisition

Pattern acquisition step is to define a pattern and describe the method we use to form a pattern.
In order to be used in behavior detection of online phase, we have three type of patterns: full

pattern(FP), boundary discrete pattern(BDP) and time discrete pattern(TDP).

Full Pattern

Elevator Detection In pattern acquisition step of elevator detection, we have two type of
patterns: full Pattern and half detection parameters. To form a full pattern, we first define a
training pattern 7Tgepavior = {01, a2, .., a } with dynamic size of k. Element a; of Tepavior 1S
the i-th measurement of vertical acceleration in the training pattern of specific Behavior. We
directly use the measurements from the data filtering step with no further process. To retrieve
the half detection parameters, we also use the patterns from data filtering step. However, we
use only the beginning concave of patterns of elevator going up and elevator going down since
the target of half detection is for early detection without knowing the number of floors moved.
This way, we need to obtain the length Ly p, Lpowy and the sum Syp, Spown of vertical

acceleration of concave up as the beginning concave of elevator going down and concave down

19



as the beginning concave of elevator going up. We choose the shortest movement of elevator to
get these parameters. For example, if there is an elevator which can move from the first floor to
third floor. We record the length and sum of the elevator moving only one floor up and down.
This is because during our observation, the concave grows larger when it travels more floors.

This way, we only need to obtain the smallest one as boundary.

Stair Detection To form a full pattern, we first define a training pattern 7senavior = {P1, D2, ---, Pk }
with dynamic size of k. Element p; of training pattern is the i-th measurement of pitch mea-
surement in the training pattern of specific Behavior. We use the measurements from data
filtering step. In order to get a generic pattern, we need to average the pattern. To average the
patterns, we need to interpolate the patterns of the same Behavior to the length of k., the
longest pattern, and then we average them to generate the desired generic training pattern of the

behavior.

Boundary Discrete Pattern

In order to obtain boundary discrete pattern, we need to transfer measurement into discrete way,
we first get the maximum value D)4 x and the minimum value D, y of each pattern. Then,
we separate the range between D);4x and Dy into several subrange by discrete factor DF'.
For example, let DF' = 5, we can separate the the value between Djy;4x and D,y into 5
subrange. As Fig. we define Discrete Level that define the Lowest subrange be 1 and define
the Highest subrange be 5 as discrete factor DF'. Now for every measurement in the pattern,
we can transfer every measurement to discrete level. This way, we can transform every pattern

into the discrete form. To form a boundary discrete pattern, we first define a discrete training

Discrete Level

3 Maximum [ 5
\ ( 4
i } 3

A
i L A
~ WMinimum 1
\ 4

Discrete Factor B =5

Figure 5.3: Example of Discrete Factor and Discrete Level.

pattern DT Pgepavior = {d1,ds, ..., d;}. Element d; of training pattern is the i-th measurement
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of discrete level in the full pattern of specific Behavior. We use the measurements from data
filtering step. Now, we want to obtain a sequence called boundary discrete pattern 77, ...
from the discrete training pattern. The Discrete Level Sequence Pattern is empty in the begin-
ning and we add the first discrete level of a discrete training pattern into the sequence. Then,
from the second element to the last element, we only add the discrete level into the sequence

when the discrete level is different from the previous one. The detailed obtaining algorithm is

described in Algorithm

Algorithm 1 Sequence Obtaining Algorithm of Boundary Discrete Pattern
Input: DTPBeham'or
Output: 77

ehavior

1.Initial
éehavior — NULL
Add dy of DT Ppepayior into T
Let LastInsert = d;.

ehavior*

2.Loop:
for: =2to k do
if LastInsert # d; then
Insert d; into 151, yvior-
Set LastInsert = d;.
else
Continue.
end if
end for

By Algorithm (I} we can obtain the boundary discrete pattern 77 of each behavior.

ehavior

Finally, we put these patterns into the training pattern database for further matching use.

Time Discrete Pattern

To form a time discrete pattern, we also use discrete training pattern introduced previously.

1

Behavior - 1H1S time discrete

Then we want to obtain a sequence called time discrete pattern
pattern is different from the previous one. We add a time constraint, time lasting factor 3 to the
sequence obtaining algorithm with consideration of time domain. While the previous algorithm
insert the discrete level only when the discrete level changes, the algorithm in this method insert

the discrete level when the discrete level changes or when the discrete level keep the same at a
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certain length of time set by time lasting factor. The detailed algorithm is described in Algorithm

Algorithm 2 Sequence Obtaining Algorithm of Time Discrete Pattern
IHPUt3 DTPBeh(wiora 5
Output: 77

ehavior

1.Initial
Tgehavior — NULL
Add d; of DT Pgepavior into T4
Let LastInsert = d;.

Let T'imer = 0.

ehavior:*

2.Loop:

for i = 2to k do
if LastInsert # d; then

Insert d; into 15, ,vior-

Set LastInsert = d,.
Set Tvmer = 0.

else if Timer > [ then
Insert d; into T
Set Timer = 0.

else
Continue.

end if

end for

ehavior:*

By Algorithm 2| we can obtain the time discrete pattern 77 of each behavior. Finally,

ehavior

we put these patterns into the training pattern database for further matching use.

5.4 Software I1:Online Phase

Online phase is to obtain the current pattern and match with training pattern to determine
whether the similarity is high enough to trigger the behavior. We have three steps in this pro-
cess: data filtering, current pattern formation and behavior detection. Firstly, data filtering is
to filter the noise from the current IMU measurement. Then, we will obtain the current pattern
from the current IMU measurement by segmenting the meaningful parts and transfer into useful
data structure. Finally, we use behavior detection methods to match current pattern with training

patterns. Behavior detection methods will then calculate the trigger similarity and the system
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will trigger the behavior according to the trigger similarity. In the following, we introduce the

three steps of online process and explain them in both elevator detection and stairs detection.

5.4.1 Data Filtering & Current Pattern Formation

In online phase, data filtering is totally the same with training phase. Current pattern pattern
formation is almost the same as training pattern formation but the input measurement of IMU

is from the current realtime user measurement for behavior recognition.

5.4.2 Behavior Detection I: Pattern Matching

Elevator Detection

In elevator detection, our methods are to detect the elevator is going up or down and how many
floors is the elevator going up or down. In order to detect both, we propose our pattern matching
method. However, pattern matching only detects when the elevator completes its movement.
This way, we propose our half detection in order to detect whether the elevator is going up or
down in the half way, so that we are able to detect the elevator’s behavior in the middle of the
elevator’s movement, but this method is not able to detect how many floors are the elevator
moved. Therefore, with the combination of pattern matching and half detection, we are able to
detect the direction of elevator’s movement in the half way and determine the number of floors

the elevator moving.

Pattern Matching In the pattern matching, we use the full pattern from the training process.
Then, we define a current pattern C' = {ay, ay, ..., a, } with the constant windows size n, and n
is set to the maximum length of training pattern for further matching use. Element a; of training
pattern is the vertical acceleration measurement value at time ¢. For every new input from IMU
sensor, we add the newest value to the end of the current pattern, and remove the oldest value
in the front of the current pattern.

Finally, we start to match current pattern with training patterns. For every training pattern,
we calculate the error distance between current pattern and the training pattern by the following
equation:

Let size of Tpenavior = k, C; = iy, element of C, and T'epavior; = tn €lement of Tgepquior
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For every Behauvior,

k
ErrDist(C, Tpenavior) = Y |Cotti — Tiehavior.] (5.2)

i=1
After we calculate the error distance of current pattern and every training pattern, we can trigger
the detection by the trigger boundary(TB). We define trigger boundary 7' Bgepavior as a value

for a elevator behavior to trigger the detection.

Algorithm 3 Full Pattern Detection Algorithm
InPUt3 TBehcwior, C
Output: T'rigger Similarity

for every Tsenavior dO
Calculate ErrDist(C, Tgenavior)
if (ETTDiSt(C, TBehavior) < TBeham’or) then
TriggerSimilarity = 100%.

else
. . o TBehavior
TriggerSimilarity = BriDist(C Tooranion)”
end if
end for

As Algorithm [3| by using pattern matching, we are able to detect the elevator behavior
with direction and number of floors and output the behavior trigger similarity to detection trig-
ger. However, the detection can be triggered only when the movement of elevator is complete.

Therefore, we propose half detection method to solve this problem.

Half Detection In half detection, we use half detection parameters from the training process.
half detection parameters include the length Ly p, Lpowy and the sum Sy p, Spown. Now we
use the current pattern C from pattern matching. For elevator detection of going up, we use the

Lyp and Syp. We define UpSU M (C') as following:

Lyp

UpSUM(C) =Y (Cropypsi) (5.3)

i=1
Also, for elevator detection of going down, we use the Lpowny and Spowny. We define

DownSUM (C) as following:

Lpown
DownSUM(C) = > (Co—Lpowny+i) (5.4)

=1
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After we calculate UpSUM (C') and DownSUM (C'), we can trigger by comparing the value
of UpSUM (C), Syp and DownSUM (C), Spown. If UpSUM (C) is larger than Syp, up

detection triggers, and if DownSU M (C') is larger than Spow v, down detection triggers.

Algorithm 4 Half Detection Algorithm
Input: C'
Output: T'rigger Similarity

if UpSum > Syp then
TriggerSimilarityyp = 100%.

else
TriggerSimilarityyp = Ué’i—upm%.
end if

if DownSum > Syp then
Trigger Similaritypowy = 100%.

else
TriggerSimilaritypown = %%.
end if

As Algorithm [4] by using half detection, we are able to trigger the elevator detection of up
and down in the half way of elevator movement. Therefore, half detection can assist pattern
matching to have the early detection while pattern matching provides higher accuracy and the

number of floors going up or down.

Stairs Detection

In the pattern matching, we use the training pattern 7" in full pattern from training process
as training pattern. Now we define a current pattern C' = {p1,ps, ..., p,} with the dynamic
windows size n, and n is set to the length between two local maximum. In order to avoid the
constant shift problem caused by the IMU unit, we need to do the shifting to make sure the
patterns we are going to match are on the same baseline. This way, we shift the pattern to its

average as following equation:
Patterngp; s = Pattern — Average(Pattern) (5.5)

Then we can obtain the shifted patterns 7" and C. The length of each pattern is different, so we
need to transfer the patterns into the same length. This way, we do the interpolation to expend

the shorter pattern to the same size as the longer pattern. Finally, we can calculate the Error
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Distance by the following equation:

k
ETTDiSt(Ca TBehafuior) - Z |Cn—k+i - TBehavior,i’ (56)
i=1

Then, we can use Algorithm 3 to output the behavior trigger probability.

5.4.3 Behavior Detection II: Longest Common Substring

In the longest common substring, we use the boundary discrete pattern (BDP) from training
process as training pattern. First, we construct a current pattern of boundary discrete pattern C’
as T’ in training process. Now we have two boundary discrete patterns from training process and
online process. Then, we use the longest common substring algorithm to calculate the length
of longest common substring | LC'S|. Then we can calculate the trigger similarity between these
two patterns as following equation:

.y S 2 X |[LCStr(T",C"
Similar(T,C") = ’|T’] n ]<C’| ) (5.7)

By calculating the trigger similarity, we can take this similarity and output it to the detection

trigger.

5.4.4 Behavior Detection III: Longest Common Subsequence

In the longest common subsequence [20], we use the time discrete pattern (TDP) from training
process as training pattern. First, we construct a current pattern of time discrete pattern C” as
T” in training process. Now we have two time discrete pattern from training process and current
pattern. Then, we use the longest common subsequence algorithm to calculate the length of
longest common subsequence |LC'S|. Then we can calculate the similarity between these two
patterns as following equation:

2 x |LCSeq(T",C")|

Smilar (17, ") = =2

(5.8)

By calculating the trigger similarity, we can take this similarity and output it to the detection

trigger.

5.4.5 Detection Trigger

Detection trigger collects the trigger similarities from the online phase of each IMU sensors.

According to these data, the detection trigger will process these data with the weighted factors
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of each behavior to trigger the final detection behavior. The final detection result will be made

in this part.
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Chapter 6

Implementation and Experimentation

In this chapter, we will talk about how our design decisions are made. In order to apply the
method into the real world, we need to choose parameters and make decisions from tradeoffs.
Also, we will explain how we implement our system. Finally, we will show our experimental

results.

6.1 Design Decisions

In our system, design decisions are made to make our system work in the real world properly.
These decisions are based on the method we propose and the empirical experience in observa-
tion and experiments. Parameters are tuned to make our system work in the best way. In the
following, we present how we make decisions through the important parameter in our system,

including LPF parameter, segmentation paramters, trigger boundary, and discrete factor.

6.1.1 LPF Parameter

Low pass filter can filter out the high frequency noise. In our system, LPF is used to filter out
the relatively high frequency noise of walking movement and retain relatively low frequency
pattern of elevator movement. « is the parameter controlling the boundary of frequency to be
filter out. We choose this o parameter based on the experiment. We walk in the elevator when
the elevator is moving. Then, we use LFP with different a value to test whether the walking
noise is significant or the elevator movement pattern is also filtered out. After several tests, we

find out that LPF works best in our system when the parameter « is 0.05.
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6.1.2 Segmentation Parameters

Segmentation parameters are used in our system when segmenting IMU measurements into
patterns. Patterns of elevator are segmented when a pair of concave up and concave down is
found. To detect the concave up and concave down, we have to obtain the time length con,
and maximum con,,,, or minimum value con,,;, of the smallest concave in elevator movement.
This way, when a concave with enough time length and exceed or below the maximum or
minimum value of the smallest concave, a concave up or concave down is recognized and when
a pair is obtained, segment will be done. In the other hand, patterns of stairs are segmented by
two local maximum. However the local maximum is not only the local maximum we mentioned
in our system, but also with some conditions. We define our local maximum to be a local
maximum when a local maximum value happens after a time period local; and the value over
the time period fall below a boundary local;. This is made to prevent the small oscillations of

our pattern to cause the wrong segmentation.

6.1.3 Trigger Boundary

Trigger Boundary of a pattern is a boundary to trigger the behavior of the pattern based on the
experience. This parameter must choose to ensure that the similarity of similar patterns of the
same behavior should be above the boundary and the similarity of different behavior should
be below the boundary. This boundary is chosen based on the empirical experience. Trigger
boundary must be carefully tuned to make our system with the best accuracy. This parameter

choosing is time consuming and need lots of tests to ensure the best parameters are chosen.

6.1.4 Discrete Factor

Discrete factor [ is the parameter we use in identifying the discrete level of a value in a pattern.
Discrete factor segments a pattern from the maximum to minimum into [ parts. If 3 is too large,
the pattern will be too separate from each other even in the patterns of the same behavior. Also,
this will make the pattern become larger since there are more discrete levels existing. However,
If 5 is too small, the pattern will be to similar to each other even in the patterns of different
behavior. After performing our experiment, we find that when /3 is 10, our system will work

best in this setting.
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6.2 Implementation
6.2.1 Hardware

In the hardware implementation of our system, we use 3DM-GX1 [16] by MicroStrain as our
IMU sensor as Fig.[6.1] This sensor includes accelerometer, magnetometer and gyro, and it uses
RS-232 as its interface. The digital output rate is 100 HZ. IMU sensor is hanged on the specific

part of human body as Fig.[6.2]and is connected to a laptop computer carried by the user.

Figure 6.1: IMU Sensor: 3DM-GX1.

6.2.2 Software

In the software implementation of our system, we design our program using the api provided
by the IMU vender to obtain the measurement data from the sensor. We uses C++ as our
programming environment. However, with proper changes, the code can be easily ported to
other programming when little changes in COM port controlling part. We implement a logger
to log the IMU data of specific behavior movement so that we are able to test the real data
offline. Also, we implement program for online use to matching the current pattern and training
patterns using our three matching methods. This program can also use offline data as input to

simulate the real situation.
6.3 Experimentation

6.3.1 Experimental Environment

We perform our experiment inside National Chiao-Tung University. For the experiment of

elevator, we perform experiment in the three different elevators of EC building, EIC building
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(a) Waist (b) Feet (c)Chest
Figure 6.2: IMU Sensor: Different Part of Body.

and library. EC building is a 7 story building with 1 basement floor. EIC building is a 8 story
building with 1 basement floor. Library is a 8 story building. For the experiment of stairs, we
perform experiment in the stairs in EIC building from 7F to 8F, EC building from 1F to 2F and

library from 1F to 3F. In our environment, people can change floor by either elevator or stairs.

6.3.2 Experimental Results

In our experimental results, we find out that in the detection of elevator, we are able to detect
all the patterns we have recorded in training phase as Fig. [6.3] Also, in the detection of stairs,
we can find out that three methods we propose have overall accuracy over 85% as Fig. [6.4]and
Fig.[6.5] Also, we can also conclude from the chart that longest common subsequence has even
better result over the other 2 methods. However, when looking at up detection accuracy, we can
find out that pattern matching and longest common subsequence is fairly good, even better than
longest common subsequence, but when looking at down accuracy, we can know that longest
common subsequence is better than the other 2 methods since even though walking and walking

downstairs is relatively similar, longest common subsequence can still have good determination.
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Figure 6.3: Graph: Performance of Elevator Detection.
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Figure 6.4: Graph: Performance of Stairs Detection.
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Algorithm Pattern Matching LC Substring LC Subsequence

Overall tp: 85, fp: O, tp:89, fp:4, tp:90, fp:2,
fn:25, tn: 62 fn:21, tn:58 fn:20, tn:61

Precision 100.0% 95.7% 97.8%

Recall 77.3% 80.9% 81.8%

True Negative Rate | 100.0% 93.5% 96.8%

Accuracy 85.5% 85.5% 87.3%

uUP tp: 45, fp:0, tp:48, fp:4, tp:42, fp:2,
fn:3,tn: 124 fn:0, tn:120 fn:6, tn:122

Precision 100.0% 92.3% 95.5%

Recall 93.8% 100.0% 87.5%

True Negative Rate | 100.0% 96.8% 98.4%

Accuracy 98.3% 97.8% 95.3%

DOWN tp: 40, fp: 0, tp:41, fp:0, tp:48, fp:0,
fn: 22, tn: 110 fn:21, tn:110 fn:14, tn:110

Precision 100.0% 100.0% 100.0%

Recall 64.5% 66.1% 77.4%

True Negative Rate | 100.0% 100.0% 100.0%

Accuracy 87.2% 87.8% 91.9%

Figure 6.5: Chart: Performance of Stairs Detection.
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Chapter 7

Conclusion

We have proposed a human behavior recognition system based on IMU sensors. Formerly, in
order to solve the drifting problem in indoor localization, especially in multistory environment,
altitude information is required. In order to obtain altitude information, several methods was
proposed, such as using accelerometer or barometer. However, these methods are not precise
and some may need extra hardware or infrastructure. Therefore, we proposed a solution to
solve this problem by recognizing human behavior especially of changing floors such as taking
elevator going up or down and walking upstairs or downstairs. Our system needs only IMU
sensors to measures acceleration and Euler angles to detect human behavior of changing floor.
According to our observations, repeated patterns are found in walking upstairs and downstairs
and similar pattern are found when taking elevator going up or down. This way, we record the
meaningful patterns in advanced in our training process. Then, in online process, we are able
to match the current pattern with training patterns. We proposed 3 methods of matching pat-
terns including pattern matching, longest common substring and longest common subsequence.
There three methods are proposed to fit various pattern of human behavior and may match
pattern in considering of time and magnitude constraint. Therefore in order to assist indoor
localization system, we can lock the user in the same floor to avoid drifting between floors and

change user’s floor when respecting behavior is triggered.
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