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A wearable computing approach for hand gesture and daily

activity recognition in human-robot interaction

SHENG Wei-hua, ZHU Chun
(School of Electrical and Computer Engineering, Oklahoma State University, Stillwater, OK, 74078, USA)

Abstract: Human-robot interaction ( HRI) is an important topic in robotics, especially in assistive robotics. In this pa-
per, we addressed the HRI problem in a smart assisted living ( SAIL) system for elderly people, patients, and the disa-
bled. Two problems were sloved that are very important for developing natural HRI; hand gesture recognition and daily
activity recognition. For the problem of hand gesture recognition, an inertial sensor is worn on a finger of the human
subject to collect hand motion data. A neural network is used for gesture spotting and a two-layer hierarchical hidden
Markov model (HHMM) is applied to integrate the context information in the gesture recognition. For the problem of
daily activity recognition, two inertial sensors are attached to one foot and the waist of the subject. A multi-sensor fu-
sion scheme was developed for recognition. First, data from these two sensors are fused for coarse-grained classifica-
tion. Second, the fine-grained classification module based on heuristic discrimination or hidden Markov models
(HMMs) are applied to further distinguish the activities. Experiments were conducted using a prototype wearable sensor
system and the obtained results proved the effectiveness and accuracy of our algorithms.
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1 Introduction

1.1 Motivation

The past decade has seen a steady growth of elderly
population. The baby boomers comprise nearly 20
percent of the U. S. population, which is equal to
76. 1 million Americans'''. In 2010 many of them
will turn 65 and are prone to health complications.
This may cause an increased burden on the medical
industry. Compared to the rest of the population,
more seniors live alone as the sole occupants of a pri-
vate dwelling than any other population group. There-
fore, elderly people living alone are an at-risk group.
Helping them to live a better life is very important and
has great societal benefits.

Many researchers are working on new technologies
such as assistive robots to help elderly people. Haigh

etal !

*) provided a survey on assistive robots used as
caregivers. The mainstream of assistive robotics re-
search focuses on manipulating assistance devices such
as grippers to help people eat, electronic travel aids to
guide people to walk, and intelligent wheelchairs to
move people around. In recent years, several re-
searchers have envisioned a companion robot that
lives with people like a pet. For example, Haasch et
al. *! developed the Bielefeld Robot Companion
which communicates with non-expert users in a natu-
ral and intuitive way. Fritsch et al. presented SIR-
CLE'", a system infrastructure providing a software
platform for a robot companion which exhibits power-
ful capabilities in human-robot interaction ( HRI)"’.
We are developing a smart assisted living ( SAIL)
system[”: to provide support to elderly people in their
houses or apartments. As illustrated in Figure 1, the
SAIL system consists of a body sensor network
(BSN)"*) a companion robot, a smartphone, and a
remote health provider. The body sensor network col-
lects motion data and vital signs of the human subject
and sends them wirelessly ( for example, through Zig-
bee'”’) to the companion robot, which infers the hu-
man intentions and conditions from these data and re-
sponds correspondingly. The smartphone serves as a
gateway to access the expertise of remote healthcare

providers, if needed. For example, when there is a

detected medical emergency or mishap such as falling
down on the floor, the remote health provider can
control the companion robot to observe and help the
human subject through a web-based interface and a

joystick.
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Fig.1 The overview of the smart assisted living
(SAIL) system

The body sensor network consists of wearable sen-
sor nodes attached to the chest, one of the ankles, the
waist and one of the fingers of the human subject, re-
spectively. Such a minimal set of sensor nodes re-
duces the obtrusiveness to the minimum. Each node
has a miniature microcontroller, a Zigbee communica-
tion module as well as an inertial sensor and the asso-
ciated signal conditioning circuits. The inertial sensor
consists of a 3-axis accelerometer, a 3-axis gyro, and a
compass. Additionally, in order to collect the vital
signs of the human subject, the chest node has a mi-
crophone and a temperature sensor, while the finger
node has a blood pressure sensor and a pulse oximeter.

Natural human-robot interaction is a very important
issue in the design of assistive robotics, especially for
elderly people, who usually suffer from problems
with speech''”’ | or have difficulty in learning new
computer skills''" | therefore it is desirable to make
the robot able to not only understand explicit human
intentions from gestures, but also recognize the hu-
man daily activities, from which implicit human in-
tentions may be inferred. Such a robot capability is

6-7]

called considerate intelligence[ In this paper, we
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focus on solving two problems central to natural HRI;
hand gesture recognition and human daily activity rec-
ognition. Compared to the existing work, we made
two main contributions: (i) we developed a light-
weight and resource-aware hand gesture recognition
algorithm that considers the context information repre-
sented by the sequential constraints between different
commands; (ii) we developed a multi-sensor fusion
scheme for accurate daily activity recognition.

This paper is organized as follows. The rest of this
section introduces some related work in hand gesture
recognition and human daily activity recognition. Sec-
tion II develops the algorithm for hand gesture recog-
nition. Section III describes the algorithm for human
daily activity recognition. The experimental tests and
results are presented in Section IV. Conclusions are
given in Section V.

1.2 Related work

Researchers have made significant progress in the
area of human-robot interaction in recent years. A
comprehensive survey of this area is provided by Yan-

co et al. > 12

. They categorized the existing HRI re-
search based on criteria such as autonomy, interven-
tion, human-robot-ratio, and interaction. As hand
gesture recognition and human daily activity recogni-
tion are essential to natural HRI, we are going to re-
view some related work in both areas.
1.2.1 Hand gesture recognition

Traditional gesture recognition is based on visual
information. A typical approach for vision-based ges-
ture recognition has two steps: first, feature extraction
using color detection, edge detection, and background
removing techniques, etc; second, pattern recognition
using machine learning algorithms, such as hidden
Markov models (HMMs)'"*’ and neural networks'"*.
More works in this area can be found in [15].

Recently, due to the advancement in MEMs and
VLSI technologies, wearable sensor-based gesture
recognition has been gaining attention. Compared to
vision-based gesture recognition, wearable sensor-
based recognition has two advantages. First, for vi-
sion-based gesture recognition, cameras need to be in-
stalled prior to the experiments and environmental
conditions ( brightness, contrast and obstacles, etc)

have significant impacts on the image data. On the

contrary, wearable sensors will not be affected by
their surroundings. Second, wearable sensor-based
gesture recognition requires less data compared to vi-
sion-based recognition. Typical wearable sensors in-
clude inertial sensors and glove sensors "', Other
wearable sensors such as microphones, barometers,
and thermometers can provide complementary infor-
mation in wearable sensor systems '’

There is some existing work on hand gesture recog-
nition from video data sources. However, there is not
much work on recognition using wearable sensor as a
data source. An important problem in gesture recogni-
tion is to segment gestures from non-gestures move-
ments, which is called the gesture spotting prob-

191 There are two main methods: rule-based

lem
methods and HMM-based methods. Rule-based meth-
ods are widely used in vision-based recognition.
Some researchers use a special position to mark the

start or end point of a gesture ™’ | while others define

[21]
’

rules for the behavior before or after a gesture
such as staying still for several seconds. Ramamoor-
thy et al. "™ implemented a method that moved the
hand in and out of the sight of a camera to represent
the start and end point of a gesture. Lenman et al. "’
defined gestures which consist of a start pose, a traj-
ectory, and a selection pose. HMM-based methods
maximize the likelihood in time series signals using
different hidden Markov models that represent differ-

(22-23] 1. ") introduced a

ent classes of data Lee et a
threshold model that calculates the likelihood thresh-
old of an input pattern and provides a confirmation
mechanism for the provisionally matched gesture pat-
terns. Overall, the rule-based methods are easy to im-
plement but are not convenient for elderly people to
use. The HMM-based methods do not have such re-
quirement for the human subject. However, the com-
putational cost is high due to the use of HMMs.
1.2.2 Human daily activity recognition

Many solutions have been developed for human
daily activity recognition over the years, including the

2421 the discriminative

[13]

heuristic analysis methods

methods'**?"

, the generative methods' °', and some
combinations of these methods"*’.
Heuristic analysis methods are based on the direct

characteristic analysis and the description of the data
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from sensors. For example, Aminian et al. "' devel-
oped an algorithm based on the analysis of the average
and the deviation of the acceleration signal to classify
the activities into four categories: lying, sitting,
standing and locomotion. Discriminative methods an-
alyze features extracted from sensor data segmenta-
tions without considering sequential connections in the
data. For example, in [29 ], principal components a-
nalysis (PCA)'*’ and independent component analy-
sis (ICA)"P'" are used in the feature generation
process with wavelet transform of the sensor data.
Generative methods use generative models for the
probability-based observations with hidden parame-
ters. It specifies a joint probability distribution over
observation and label sequences. For example, De-
Vaul et al. "' developed a two-layer model that com-
bines a multi-component Gaussian mixture model ™’
with Markov models to accurately classify a range of
user activity states, including sitting, walking, and
biking. By combining different methods, the advanta-
ges of each method can be better utilized to solve

complicated problems. Lester et al. **

presented a
hybrid approach to recognize human daily activities,
which combines boosting'**' and HMM. Boosting is
used to discriminatively select useful features, and the
HMM is used to recognize different activities.

To summarize, heuristic analysis methods require
intuitive analysis on the raw sensor data or the fea-
tures from data, and the characteristics may differ
from each individual. Therefore, it is difficult to find
a ubiquitous way for observation. On the contrary,

since discriminative methods and generative methods

Neural Detect the

network to start and

Feature |} detect ifitis a [—*| end points
gesture or of the

non-gesture gesture

Is the segment a

are machine learning algorithms, the parameters can
be trained using data from different individuals. How-
ever, their disadvantage is the high computational
cost. The combination of different methods can a-

chieve better performance than any single method.

2 Hand gesture recognition

In our SAIL system, different hand movement pat-
terns are used to command the companion robot,
much like the way people command a dog. Five basic
hand gestures are assigned to five commands which
mean “come”, “go fetching”, “go away”, “sit
down”, and “stand up”, respectively. In this sec-
tion, we will discuss our algorithm for hand gesture
recognition, which combines the neural network-
based gesture spotting and the hierarchical hidden
Markov model ( HHMM )-based gesture classifica-
tion.

Since most embedded computing systems have lim-
ited batteries and computation power, it is important
to design recognition algorithms that are resource-a-
ware and light-weight. As shown in Figure 2, the
recognition algorithm consists of two modules: (1)
the segmentation module which uses a neural network
to realize gesture spotting, and (2) the recognition
module which uses an HHMM to classify gestures.
Since the HHMM is a probabilistic model with high
computational cost, the NN-based segmentation mod-
ule is used as a switch to control the data flow in or-
der to save the computation time and increase the effi-

ciency.

HHMM-based
gesture >
classification

Output

Gesture
types

gesture?

Fig.2 The flow chart of the hand gesture recognition algorithm

A neural network is applied in the segmentation
module to discriminate gestures from on-gesture
movements. We find that simply using a single

threshold on the sensor data cannot classify gestures

and non-gesture movements accurately. On the con-
trary, the neural network is a combination of multiple
thresholds for different features. Through the training

of the neural network, the weights and biases can be
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optimized for classification. Furthermore, the neural
network is a machine learning algorithm, which can
obtain hidden information from the training data and
make a good combination of features to perform the
classification for gestures and non-gesture move-
ments.

In our experiments, the raw sensor data are sam-
pled at 150 Hz, and a window of 20 points (133 ms)
is applied on it to extract feature vectors, which are
fed into the neural network to distinguish gestures and
non-gesture movements. Then, a heuristic threshold
for the time duration of the same output of the neural
network is used in the segmentation module to detect
the start or end point of the gesture. The output of the
segmentation module triggers the HHMM-based rec-
ognition module when a gesture is spotted.

2.1 Gesture spotting using a neural network

We implemented a three-layer feed-forward neural
network' " to distinguish gestures from daily non-ges-
ture movements. The input is a feature vector extrac-
ted from the raw sensor data. In our current imple-
mentation, 3D angular velocity [ @, ,,,®,]" and 3D
acceleration [a,,a,,a,]" are recorded as the raw sen-

x %y »%z

sor data. We use the following features
a.a,a,l",

z9%x %y

the 6D mean [ w, ,w,,®
the 6D variance[o-ix ,o-f,,y ,a'i,z ,Uf,x ,O'iy ,U'iz]T-

The output of the neural network is binary (1 or
0), which stands for gestures or non-gesture move-
ments, respectively. The neural network functions of
the first and the second layers are the log-sigmoid
functions and the third layer has the hard limit func-
tion'"*. The first and the second layers form a 2-layer
feed-forward network, and the optimized parameters
are obtained through training. In the output layer, the
weights and biases are fixed to generate discrete out-
puts.

Supervised learning“” is used to train the neural
network from the labeled training data. In order to a-
void the training trapped in the local minimum, we
run the training several times to achieve less mean
square error. The number of neurons in each layer is
carefully selected for better accuracy and avoiding o-
ver-fitting as well.

In our current implementation, we assume that non-

gesture movements are slow because when people

read, write, walk, and eat, their hands do not exhibit
intensive motions. For unexpected movements and
rapid non-gesture movements, we can use a thresh-
old-based HMM likelihood discriminant'**’ to distin-
guish whether it is a gesture or not in the future.

2.2 HHMM-based recognition algorithm

In this section, we will first introduce the basic
concepts of HMMs, and then describe the HHMM-
based hand gesture recognition method that considers
the sequential constraints in hand gestures.

People usually demonstrate specific patterns when
they interact with their pets. Such patterns reflect the
sequential constraints in the gestures, which can be
used to improve the gesture recognition accuracy. In
this paper, the hierarchical hidden Markov model
(HHMM) technique is implemented in order to in-
crease the recognition accuracy. The HHMM is a sta-
tistical model derived from the hidden Markov model.
We recognize gestures through two steps: first, use
the HMMs at the lower level to recognize individual
hand gestures; second, model the constraints among
the gestures with the upper level HMM and estimate
the most likely state sequence in the upper level HMM
to correct classification errors which are made in the
lower level HMM. Hidden Markov models are statis-
tical models for sequential data recognition. It has
been widely used in speech recognition, handwriting
recognition, and pattern recognition'”’. An HMM is
characterized by a set of parameters A = (A,B, ),
where A, B, and 7r are the state transition probability
distribution, the observation symbol probability distri-
butions in each state, and the initial state distribution,
respectively. The forward-backward procedurem%] is
used in order to estimate the likelihood P(OI\) of a
sequence of observations given a specific HMM. The
Viterbi Algorithm'”’' is used to find the single best
state sequence Q for the given observation sequence O
in the testing mode. The EM ( expectation-maximiza-
tion) method"*®
HMM.

2.2.1 HMM-based individual hand gesture recogni-

is used to train the parameters of

tion
We pre-process the raw sensor data to extract the
features for gesture classification in the lower level

HMM, which has two phases: the training phase and
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the recognition phase. Each raw sensor data is a 6- = Likelihood
A gesture Sliding- et esﬁe matoiou Classification
segment window based
Component vector ea:ﬁm

u=lw,, 0, 0,.a,,a,,a]"

A low-pass filter is used to remove high frequency
noise. Then, a sliding-window of 20 points of the 3-
axis acceleration (about 133 ms in the time domain)
is used to calculate the time average in order to re-
move the DC components and generate the deviation
vector[d, ,d,,d_.]". We apply the FFT on this vector
to analyze the power components in the frequency do-
main and find the fundamental frequency of the ges-
ture. There are four steps in the training phase.

Step 1. Find the stroke duration. In the training
phase, the human subject needs to repeat the same
gesture several times to get the matrices for one set of
HMM parameters. In order to find the stroke duration
of the gesture, the FFT is applied to the deviation
vector [d,,d,,d,]". The frequency with the maxi-
mum power among the x, y, and z is chosen as the
frequency of the gesture, from which we can get the
stroke duration of this gesture for further use.

Step 2: Quantify the vectors into observation sym-
bols. The K-means clustering is applied on the 6D
vectors u to get the partition value for each vector and
also a set of centroids for clustering the data into ob-
servation symbols in the recognition phase.

Step 3: Set up the initial HMM parameters. Set the
number of states in the model, the number of distinct
observation symbols per state and the initial value of
A= (A,B,7) for iteration.

Step 4. Iterate for EM. The E ( Expectation) step
is the calculation of the auxiliary function Q (A,
A) ) and the M ( Maximization ) step is the maxi-
mization of the likelihood over A. This process is iter-
ated until the likelihood approaches a steady value.

Figure 3 shows the flow chart for individual hand
gesture recognition. The data pre-processing is ap-
plied on the data window and the centroids are trained
to quantify the vectors into observable symbols. A
sliding-window of 1 second moves along the data se-
quence and the likelihood under each set of HMM pa-
rameters is estimated. We choose the model which a-
chieves the maximum likelihood to be the recognized
type. Thus, this HMM-based recognition gives a se-

ries of decisions for the segmented gesture.

K-means
clustering]|
centroids

Save the
decision

Has the sliding-window
moved to the end of the
data segmentation

output results
Fig.3 The flow chart of the HMM-based individual hand
gesture recognition

Next, the majority voting is applied on the output
of the lower level HMMs for the segmented gesture to
produce the decision, which is also the observation
symbol value in the upper level HMM. As shown in
Figure 4, the sliding window has a length of 150 data
points (one second) and moves by a step of 20 data
points. For each sliding window, the model with the
maximum likelihood is the result. Therefore, in one
gesture segment, the majority voting is applied on the
results of all the windows to produce a gesture recog-

nition decision.

A segment of a gesture
_ax'
41 —a,
2t %
0 @ N
2L
-4l . .
1000 1100 1700 1800
Data points

Sliding windows of 150 points

Fig.4 The moving of sliding windows in one segment
of a gesture

2.2.2 Context-based hand gesture recognition

In the previous part, individual hand gestures are
recognized without the knowledge of the context. In
this section, we use an HHMM to consider the se-
quential constraints among the gestures. The HHMM
is a generalization of the segment model where each
segment has sub-segments. Figure 5 illustrates the
basic idea of an HHMM. A time-series is hierar-
chically divided into segments, where S, represents
the state at the upper level HMM and S’ represents the
state at the lower level HMM. A block of S; is the
state sequence of the sub-HMMs of S..
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Fig.5 The architecture of an HHMM

We define “context” as the sequential constraints a-
mong different types of gestures. Figure 6 shows the
transition of the upper level HMM. It is a discrete,
first order HMM with five states and five observation
symbols. The upper level HMM can be described as a
sequence of commands and at any time it is in one of
a set of N(N =5) distinct states: S,, S,, -, Ss5. It
undergoes a change of state according to a set of
probabilities associated with the state. For example,
the same command is less likely to be sent twice con-
secutively, and when the previous command is “go a-
way” , the next one has a small probability of being
“go fetching”. We denote the time instants associated
with the state change as k=1, 2,---, N and the k" ac-
tual state as g,. The following probabilistic descrip-
tion links the current and the preceding states'®
a; =P[ q, :Sjlqk—l =S ],
for 1 <i,j<N, and ;aii =1,

where N is the number of distinct states.

Fig.6 The transition of the upper level HMM that considers
the context information

The initial state distribution represents the probabili-
ty distribution of the first command, which is defined
as:wm=P[q, =S,,(i=1,2,---,N) ]. Another element
of the upper level HMM is the observation symbol
probability distribution in state S;: b, (k) =
P[Oqut :SjJ'

will be recognized as the different observation sym-

b; shows how likely this command

bols, where O, represents the decision made by the
lower level HMM.

For a given observation sequence with a length of
T, the Viterbi algorithm is used at the upper level
HMM to find the single best state sequence Q = {¢,q,
---q, |, which represents the most likely underlying
command sequence, for the given observation se-
quence O = { 0,0, -0, }.
in the lower level HMM can be corrected by the upper
level HMM.

In this way, some errors

3 Human daily activity recognition

In this section, we will discuss the human daily ac-
tivity recognition through multi-sensor fusion. Two
inertial sensors are attached to one foot and the waist
of the human subject, respectively. There are two
steps in the daily activity recognition. In the first
step, the fusion of the data from the two wearable
sensors generates coarse-grained classification for
three types of human activities; zero displacement ac-
tivities, transitional activities, and strong displace-
ment activities. In the second step, either a heuristic
discrimination module is used for fine-grained classifi-
cation of zero displacement activities and transitional
activities, or an HMM-based recognition algorithm is
used for the fine-grained classification of strong dis-
placement activities. In this way, the coarse-grained
classification controls the direction of the data flow to
trigger either the heuristic discrimination module or
the HMM-based recognition module. This mechanism
can save the computation time and enhance the effi-
ciency of the recognition algorithm.

As shown in Figure 7, raw sensor data ( accelera-
tion and angular velocity) are processed to obtain the
features ( mean, variance and covariance of the 3D
angular velocity and 3D acceleration) , which are fed
into the neural networks NN; and NN, for foot and
waist, respectively. The multi-sensor fusion-based
coarse-grained classification module determines the
next step, the heuristic discriminative module or the
HMM module, to be applied in the fine-grained clas-
sification module.

3.1 Coarse-grained classification

The following activities are considered for the out-

put of the sensor fusion: (1) A, = zero displacement

activities standing, sitting, and sleeping; (2) A, =
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transitional activities: sitting-to-standing, standing-to-
sitting, level walking-to-stair walking, stair walking-
to-level walking, lying-to-sitting, and sitting-to-ly-
ing; (3) A, =strong displacement activities; walking
level, walking upstairs, walking downstairs, and run-
ning. More activities can be recognized with addition-
al sensors. For example, cooking and watching TV
can be recognized when the environmental audio in-
formation is recorded. Two neural networks NN, and
NN, are designed for the data from the foot and the
waist, respectively. The neural networks categorize
the data into three types: (1) stationary, (2) transi-
tional, and (3) cyclic. The outputs of the neural net-

works are fed into the fusion module.

[Feature extraction| [Feature extraction]

I Neural network NN,,

|Neura1 network NN/I

)
| Fusion |
~ Non s Strong
displacement Tr:]cltsig}(t;lal displacement
activity activity
[Heuristic discrimination| HMMs
Standing '
Slselefgﬁglg WWﬁ(ljking level
Sitting-to-standing pLEIng Dpstalre
Standing-to-sitting Wa]lmll{g]mdomwnng S

Level walking-to stair walking | LU .00
Stair walking-to-level walking

Fig.7 The overview of the human daily activity
recognition algorithm.

The fusion module integrates the individual types of
foot and waist activities and categorizes the human ac-
tivities according to the rules in Table 1. (1) zero
displacement activities: A < A, iff A, = stationary;
(2) transitional: A e A, iff (A, = transitional and
A, =transitional) or (A, = stationary and A, = transi-
tional) ; (3) strong displacement activities; A e Ag
iff A, = cyclic and A, = cyclic. All other combina-
tions of foot and waist activities are considered as rare

activities and we do not consider them in this paper.

Table 1 Sensor fusion rules
Foot sensor A,
Fusion Rules - — -
Stationary Transitional  Cyclic
Waist Stationary A, A, A,
sensor  Transitional A; A, —
A, Cyclic — — Ay

3.2 Fine-grained classification

To further distinguish the stationary activities ( such

as sitting and standing) and the transitional activities
(such as sitting-to-standing and standing-to-sitting ) ,
a heuristic discrimination module will be applied to
consider the previous stationary activity and decide the
type of the current transitional activity. For example,
when the detected previous activity is sitting, after a
transitional activity, the following activity is stationa-
ry. Then we use a discriminative model to test wheth-
er the direction of the trunk is vertical or horizontal .
if it is vertical, then the current activity is standing
and the previous transitional activity is sitting-to-
standing ; otherwise, the current activity is lying and
the previous transitional activity is sitting-to-lying.
An HMM-based recognition algorithm is applied to
further determine the types of the strong displacement
activities, which recognizes the patterns of the continu-
ous time series of data. The detailed algorithm is simi-

lar to the one used in the hand gesture recognition.

4 Experimental results

In both experiments for hand gesture and activity
recognition, the NN and HMMs are trained offline
before they are used in the recognition phase. The
off-line computational time for one human subject is
about 10 seconds for the neural network and 60 sec-
onds for the lower level HMM based on a computation
server with the CPU of Intel Core2, 2.13 GHz and
3GB memory. We experience no decision delays dur-
ing the testing phase after all the models are trained.
Here we show the results for hand gesture recognition
and human activity recognition, respectively.

4.1 Hand gesture recognition

In this section, the experiment setup and process
for hand gesture recognition are introduced and the re-
sults are described.

4.1.1 Experiment setup and process

For hand gesture recognition, we use an inertial
sensor nIMU from MEMSense LLC"*', which pro-
vides 3D acceleration, angular velocity, magnetic da-
ta, and temperature data at a sampling rate of 150HZ.
The prototype of the wearable sensor system for hand
gesture recognition is shown in Figure 8. The ulMU
sensor is connected to a PDA through a RS422/
RS232 serial converter, and the PDA sends the data
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to a desktop computer through WiFi. The data-collec-
tion program for the PDA is written in Visual C ++
and the recognition algorithm is written in MATLAB.
In the experiments, we define the following five ges-
tures as shown in Figure 9.
Type 1. waving hand backward for “come here” ;
Type 2. waving left and right for “go away” ;
Type 3. pointing forward for “go fetching” ;
Type 4. turning clockwise for “sit down” , and

Type 5: turning counter-clockwise for “stand up”.

Wearable
sensor

Fig.8 The prototype of the wearable sensor system for
hand gesture recognition

A\
N S
> /Lj ‘-.’,\/c ‘Jf\'i’},\ /
Typel: waving Type 2:waving left A
ype Z:waving I Type 3:pointing
hand backward d risht for ”
for“come here” bl forwz?rd for g0
l away \ fetching
|
4 rod l
“$ &S
Type 4: turning Type 5: turning
clockwise for “sit counter-clockwise
down” for “stand up”

Fig.9 The hand gestures for the five commands

We have 3 experimenters and have recorded 30 sets
of data for training and 30 sets of testing sequence,
each of which is a sequence consisting of 20 gestures.
In the experiments, we followed three steps.

Step 1. Repeatedly perform gesture type 1 for 15
times and take a 5-second break. Continue performing
the rest types following the same pattern until type 5
is done. Label each gesture and record data on a file.

Step 2. Perform a sequence of 20 gestures with a
break of at least 3 seconds between gestures. The ges-
tures mimic a real world scenario of interacting with a
robot.

Step 3. Process the training data and test data.
First, train the neural network to distinguish gestures
from daily non-gesture movements. Second, use each

block of training data to train the lower level HMMs.

To trade off the computational complexity with effi-
ciency and accuracy, the number of states in the low-
er level HMM is 20, and the number of distinct obser-
vation symbols is 20. Third, use the trained HMMs to
recognize individual commands in the test data. The
output of each test is a sequence of recognized com-
mands. Finally, the Viterbi algorithm is used to pro-
duce the most likely underlying command sequence
based on the given upper level HMM parameters.
4.1.2 Evaluation of the NN-based segmentation

The first and the second layers of the neural net-
work are trained using MATLAB Neural Network
Toolbox*’. The initial values of the weights and bia-
ses are randomly selected. Different initial values lead
to different performances. If the performance does not
reach the goal, the training phase has to be restarted.
Figure 10 shows good and bad training results of the
neural network. Only when the performance reaches
the goal, as shown in the left half of Figure 10, the
neural network achieves adequate accuracy. Howev-
er, if the training goal has not been met, there are
more errors in the segmentation as can be seen in the
right half of Figure 10.
4.1.3 Gesture recognition result

The parameters (A, B, ar) of the upper level

HMM are obtained by observing the human subject
interacting with the robot for a sustained period of
time. The transition probability matrix A is obtained
by observing the user’ s long term gesture sequence
and calculating the transition probability between two
gestures, which can be different from person to per-
son. For example, the transition matrix A for one of

the experimenter is:

A=la,} =
0.0085 0.4927 0.0990 0.3991 0.0007
0.5849 0.3982 0.0085 0.0061 0.0023
0.4959 0.4937 0.0057 0.0035 0.0012 |
0.0026 0.2974 0.3984 0.0050 0.2966
0.0079 0.2963 0.3946 0.2988 0.0024

The observation symbol probability distribution ma-
trix B is equivalent to the accuracy matrix of sliding
windows of each individual gesture before voting in
the lower level HMM, which can be obtained from
the individual gesture recognition. For example, the

matrix B for one of the experimenter is;
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Fig. 10 The performance of the NN-based gesture spotting
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Fig. 11 HMM training phase likelihood vs iteration times
B=1{b;| =
0.6434 0.3047 0.0122 0.0384 0.0013
0.0137 0.9610 0.0074 0.0123 0.0056
0.0024 0.1032 0.8846 0.0052 0.0046 |
0.1450 0.0575 0.0428 0.7546 0.0001
0.0950 0.2414 0.0055 0.0090 0.6491

We set the initial state distribution to be a uniform
distribution to reflect the fact that no preference will
be given to a specific command.

In the HMM training phase, new parameters are re-
calculated by the reestimation formulae'®' at each it-

eration. Then, the likelihood of the data is calculated

with the newly estimated parameters. Figure 11 shows
that the log-likelihood values of the data of different
When the number
the likelihood conver-

gestures vs. the iteration number.
of iteration is greater than 15,
ges to a stable value. Therefore, in our experiments,
we chose 15 iterations.

Figure 12 shows the recognition results of one set
the 3-D acceleration from the
In (b), the neural net-
In (c),
lower level HMMs are applied, there are some errors
at the point of a, b, ¢, d, e, and . In (d),
the errors at the

of testing data. In (a),
sensor indicates 20 gestures.
work helps to spot the gestures. when the
after
considering the context information,
point of b, ¢, and f are corrected by the Bayesian fil-
tering in the upper level. For the video clips of the
experiments, please go to the following link .

http . //ascc. okstate. edu/projects chun. html

The performance of recognition is evaluated by com-
paring the result with the ground truth. The classifica-
tion accuracy of the HMM-based and HHMM-based
recognition is listed in Tables 2 and 3, respectively.

The values in bold are the percentages of the correct
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classifications corresponding to the specific gestures.

Other numbers indicate the percentages of wrong classi-

fications. It is obvious that the performance of HHMM

is much better than that of individual HMMs only.

& 10
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S -10 . \ . . . . . . .
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Fig. 12 The results of the neural network and
hidden Markov models

Table 2 The accuracy of HMM-based recognition

Ground Decision type
Accuracy
truth 1 2 3 4 5

1 0.89290.03570.07140.00000.0000 0.8929
2 0.10340.80760.03450.00000.0345 0.8246
3 0.12900.09680.77420.00000.0000 0.7742
4 0.64520.03230.06450.25810.0000 0.2581
5 0.07600.00000.07600.00000.8462 0.8462

Table 3 The accuracy of HHMM-based recognition

Ground Decision type

Accuracy

truth 1 2 3 4 5
1 0.92860.03570.03570.00000.0000 0.9286
2 0.06900.86210.00000.03450.0345 0.8621
3 0.06060.06060.87880.00000.0000 0.8788
4  0.16130.06450.03230.74190.0000 0.7419
5 0.07690.00000.07690.00000.8462 0.8462

4.2 Human daily activity recognition

In this section, the experiment setup and process
for daily activity recognition are introduced and the
results are described.
4.2.1 Experiment setup and process

For human daily activity recognition, we use two
inertial sensors. The experiment setup is shown in
Figure 13. Both inertial sensors are connected to a
PDA through RS422/RS232 serial converters. The
PDA sends data to a desktop computer through WiFi.
In our experiments, regular daily activities were per-
formed standing, sitting, walking level, walking up-
stairs, walking downstairs, running, sleeping, etc.

We recorded 20 sets of data for the training purpose

and 30 sets for the testing purpose.

PDA

Waist node

Foot node

Fig. 13 The experiment setup for human daily
activity recognition
4.2.2 Evaluation of the neural networks for coarse-
grained classification

The neural networks NN, for the waist and NN, for
the foot are trained separately with the data collected
by the corresponding sensors. Figure 14 shows good
training results of the neural network. When the per-
formance reaches the goal, the neural network can a-
chieve adequate accuracy and only a few errors are
observed around the edges of the blocks.

4.2.3 Evaluation of the fine-grained classification

Based on the results of the coarse-grained classifi-
cation, the heuristic discrimination module or the
HMM-based recognition module will be applied for
fine-grained classification. Our tests show that the ac-
curacy of the heuristic discrimination module is very
high (98.3% ). The HMM module is switched on
when there is a strong displacement activity. A slid-
ing-window moves along the segmented data with a
length of 1 second and step length of 0. 2 second. The
output is a sequence of classification decisions. Then,
a majority voting function follows to produce a single
decision for each window.

Figure 15 shows the acceleration of the waist sensor
(the top figure), and the recognition results com-
pared with the ground truth ( the bottom figure). In
the top figure, the 3D acceleration from the sensor in-
dicates when cyclic, transitional, and stationary activ-
ities appear. In the bottom figure there are some mis-
classifications indicated in the circled areas. The two
circles on the bottom figure show that the errors are

caused by the HMM-based recognition algorithm for
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Fig. 14 The training results of the NN-based segmentation for daily activity recognition
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Fig. 15 The final results of the daily activity classification
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5 Conclusions

In this paper, we introduced a smart assisted living
system for elderly people, patients, and the disabled.
The role of robots is the computation platform and the
service provider in the SAIL system. The companion
robot can infer the human intentions and conditions
from the sensor data and make corresponding reac-
tions. To realize natural HRI in such a SAIL system,
we proposed (1) a neural network-based gesture spot-
ting and an HHMM-based hand gesture recognition al-
gorithm for elderly people who suffer from problems
with speech, and (2) a multi-sensor fusion-based hu-
man daily activity recognition algorithm. Both of
them are based on the neural networks and the hidden
Markov models. Compared to other similar solutions,
our algorithms can realize autonomous recognition of
hand gestures and daily activities in real-time. The al-
gorithms are light-weight and resource-aware since the
HMM modules are triggered only when there is a ges-
ture in hand gesture recognition or when there is a
strong displacement activity in human daily activity
recognition. Therefore the computational cost is re-
duced, which is important for embedded computing
systems. Furthermore, for hand gesture recognition,
an HHMM is used to model the sequential constraints
in the gestures, which increases the recognition accu-
racy. For daily activity recognition, the multi-sensor
fusion scheme can increase the types of daily activities
to be recognized. In the future, we will modify and
implement the recognition algorithms on a real robot

in real-time.
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