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Abstract: Vison-based HCI (Human Computer Interaction) is
an important technology to make machine more intelligent.
Fingertip tracking and detection is the key for many
vision-based HCI systems. In this paper, we propose a new
fingertip detection approach from cluttered background, and
present a new simple but effective foreground segmentation
algorithm based on the characteristics of intensity change over
the entire image, and a new background updating method based
on foreground connection detection. The fingertip position is
finally detected based on template matching after the finger
foreground image has been successfully segmented. Based on
the accurate detection of fingertip, a novel virtual character
recognition system is designed. With this fingertip tracking
based system, human can input characters to computer using
just the movement of his fingertip, without any additional
devices such as keyboard, digital pen, so that it provides a
novel wireless character inputting modality for HCI
application.
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1. Introduction

Vision-based HCI (Human Computer Interaction) is
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one of the recently popular research topics in the field
of HCI™??! Besides that there are some technologies
such as sound, speech recognition, pen-based
computing, context-aware devices and conventional
WIMP (Windows, Icons, Menu and Pointer)
approaches which alow for a much richer,
multi-modal interaction between human and machine.
One kind of vision-based HCI system is vision-based
fingertip tracking. There have been alot of researches
and applications in this field, such as gesture
recognition'*®, sign language recognition'®”®, finger
mouse®'%, Augmented Desk Interface Systems***2,
window system control (such as WWW navigator,
menu control)!*®*¥, finger paint system*” and so on.
The basic techniques include color segmentation*®,
infrared segmentation'®*?, blob-models™, contours
modeling!*®, correlation or template matching™*?
and wavelets'”. However, there are various kinds of
restrictions for most of these systems mentioned
above. For example, colored or special devices such as
gloves ae needed®®  expensve hardware
requirements (such as 2-D/3D camera or
infrared-camera) > no real-time application!™®,
and restrictive background conditions (e.g. simple
background®***¥! or background should be brighter
than hand™).

In this paper, we propose a new real-time fingertip
detection approach from clutter background without
any restrictions for background or device. Based on
the accurate detection of fingertip, a novel virtual
character recognition system (VCRYS) is built. With the
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VCRS, human can input characters to computer using
just the movement of his fingertip, without any
additional devices such as keyboard and digital pen.
The main contribution of this paper is that a new
background model based on pixel intensity analysis is
proposed, a foreground segmentation method based on
the overdl image intensity analysis is given.
Furthermore, the application of our finger-writing
based on the system is a novel HCI modality, which is
akind of wireless character inputting method.

This paper is arranged as follows. In section 2, a
brief review of severa different background modelsis
given, and then we present our background model. A
comparison of our model and another famous
background model named W4 is carried out. In
section 3, we describe an improved foreground
segmentation method which  can dea with
illumination change in indoor Stuation. After
segmentation of the foreground objects, fingertip
detection based on template matching is described in
the 4™ section. In section 5, the basic idea of our
fingertip-based virtual character inputting HCI system
is described. Conclusions are given in section 6.

2. Background Modeling

Background modeling is one of the important
computer vision problems. Although many methods
have been proposed to address some of the solutions
for this problem™*®? it may be safe to say that
universal model for foreground detection from
arbitrary background has not been found. Pixel
intensity is one of the most commonly used features in
background modeling. The pixe intensity is often
modeled with some statistical distribution, in which
parameters are gotten after a process of training and
recursively updating. In the Pfinder system™, Wren
has modeled the pixel intensity of a complexly

stationary background as a Gaussian distribution
N(ms 2), and the image noise over time is modeled by

a zero mean Gaussian distribution N(0,s ?). This

Gaussian distribution model is the baseline model for
many background modeling methods!*®?. Although
sngle Gaussian based model can adapt to Sow
changes in the scene by real-time updating the model,
it does not adapt to outdoor scenes in which
background is changed freguently. Many other
methods have been proposed to solve this problem in
outdoor scenes 8?2 |n reference [18], a mixture of
three normal Gaussian distributions is used to model
the pixel vaue for traffic, shadow, and vehicle in
outdoor environment. In reference [19], a
non-parametric  background model is used by
estimating the density function of observing pixe
intensity distribution based on a sample of intensity
value for each pixel. Grimson and Stauffer'®” have
characterized the intensity value of each pixel with a
mixture of K Gaussian distributions ¢ypicaly, K is
three to five). Besides modeled background with
Gaussian distribution, W4*? has used temporal
deviation to model the background. In W4, each pixel
is represented by three vaues: the minimum intensity
values, the maximum intensity values and the
maximum intensity difference between consecutive
frames observed during training period. Most of the
above methods are proposed to solve the situation in
outdoor sites, not designed for indoor environment.
Moreover, models of mixture Gaussian are
computational intensive and not fit for rea-time
application without the support of special hardware

In our fingertip tracking based system, ordinary
USB camera is used in indoor sites for video capture.
Although the background of indoor scene is not &
complex as outdoor, there are till many problems that
should be taken into consideration, such as shadow,
flash light, etc. In order to solve the problems of
indoor background modeling, we propose a simple but
effective background model to segment human hand

from cluttered background. Our background model
M;(X) is given by equation (1)
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dlz(x):ﬁl%(li(x,t)- Lxt D)

where N is the number of initial frames (typicaly
20-40) without foreground.

After the initial background model is obtained, we
propose the following background model M(X) for
each pixel x at frame t:

ey & MmOy
ML) = edém.anu-é an e Pl @
B 8 €m0 1)

where z is pixel index over the current frame. Here,
m(X) is the intensity value of background model of
pixel x at time t, My(X)=m(X). The dedianand dmaare
the median and maxima value of intensity change
over the whole image respectively, and they are
updated for each frame. Although M(X) is just a
simple model without high computation cost, it works
very well in indoor scene and can adapt to intensity
changes caused by the white-balance and indoor light
change.

Fig. 1 shows some experimental results of our
model and W4 model (a famous background model®?)
in different situations. From Fig. 1(a) to Fig. 1(c), the
1% row displays origin pictures, the 2 is foreground
extracting results using our background model, and
the 3% is results of W4. In Fig. 1(a), frame 469 and
588 are the situations when a flash light is shining. We
can see from Fig. 1(a) that though W4 can ded with
wider spectrum of intensity changes, it can not detect
the foreground with fewer changes very well (see
frame 588). In Fig. 1(b) and Fig. 1(c), it can be seen
that our model works better than W4 when the
background consists of high intensity contrast objects,
or the intensity of some background objects is similar
with foreground. The parameters of two models (the
minimum and maximum intensity values) used in W4
can tolerate large derivation of pixel intensity, but
relatively small intensity change can not be detected
by W4.

(a) lllumination Changewith Flash Light at Frame 469, 588
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Fig. 1 Comparison of Foreground Segmentation Results
between Our Method and W4

3. Foreground Segmentation Based on
Overall Intensity Analysis

The basic idea of foreground segmentation is: Each
pixed intensity is consdered as a Gaussian

distribution N(ms ?) , different pixels have different
median value Ir , but share the same standard
deviation S . So if the deviation from background
model 17 is greater than a certain degree, it will be
classified as foreground pixel. From the anaysis of
video imagery, it can be found that intensity value
changes greatly when the foreground hand passes (see
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“c” point of Fig. 2), while other pixels (see “a’, “b”
points of Fig. 2) change little (just caused by
illumination change and noise).
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Fig. 2 Pixels Intensity Analysis of Video Imagery

In Fig. 2, pixels a and b are background points, of
which the intensity value changes are only caused by
illumination change and white-balance or noise, and
pixel c is one of the foreground points, of which the
intensity values change greatly when foreground
object passes.

Based on the observation and the basic idea
described above, the most commonly used foreground
segmentation method is a kind of threshold method
described in equation (3). But it does not work very
well for our system. From experiments, we find that
the method based on equation (3) will cause lots of
noise (for example, see the experimental resultsin Fig.
5, the 3% line)

B(x):\l'o background ,1%(x)- m(x)<kxd (x)
%1 foreground ,otherwise

©

where 1'(x) is the intensity value of pixd x at ttime,
m(X) is the initial median intensity value of pixel x
and di(x) istheinitia intensity value derivation.

In order to adapt to indoor light change, we improve a
segmentation method based on overal pixels intensity
change. The threshold value is designed dynamicaly

according to global intensity derivation d e and o e
Those pixels, when illumination change is great, will be
verified and detected as foreground. Our segmentation
method can eliminate white-baance problem, which is
given by equation (4):
i 1'(R- m(x) < t
Bg=| 0 Dererond! U|(?>9m( n(l)f:m;‘:f mxx koxd, (4
{1 foreground, otherwise

In equation (4), dmedianis the median value of 1(x)

m(x), d'm is the maxima value of 1I'(x) m(x),
Kmedian (typically 1.5-1.8) and kq« (typically 0.2-0.3)
are constant weight of dmegian and d'me. T IS @ constant
(typically 25~28). All the condition I'X) m(X)<
Kmedian® O'megians %) Mi(X)< Ko d'maxand [(x)
m,(X)< T contribute to the segmentation of foreground.
Detailed experimental results are shown in Fig. 3, Fig.
4 and Fig. 5 respectively.

In Fg. 3, frame 167 is a normal situation. On one
hand, when the foreground is only a small part as

shown in 189, 196 frame, the d'\yega Vaue is
relatively small so the use of strategy (x) m(x)<

KmaX O'max CaN eliminate some shadow disturbance.
On the other hand, when the foreground is a big part
as shown in 352 and 412 frame, the strategy I'(x)

Mi(X)< KredianX d'megian WOrks better than 1(x)

Mi(X)< kna ' mae Meanwhile sometime dy may be
very great because of noisg, in this case the strategy
') m(X)< Kmax* d'me Will not work, so it is
necessary to introduce the strategy of f(x) m(x)<

t
I(medianx d median:

~
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Fig. 3 Comparison of the Judge Strategiesin Equation (4)

The strategy f(x) m(x)< T is introduced to deal
with noise when there is no foreground, in this case,
d'max@nd d edian are very small, as shown in Fig. 4.

--

Lack Condition I'(x)  mi(x)<T

Original Picture  With All Conditions

Fig. 4 Useof Strategy I'(x) m(x)<T in Formula (4)
Fig.5 compares the foreground segmentation results
based on equations (3) and (4). Frames 444~588 are
the situations when flashlight is shining. From frame
627 it can be seen that the white-balance phenomena
isintroduced after the flash light passes. It can be seen
that our segmentation method based on globa
derivation is more powerful to eliminate illumination

change and white-balance phenomena.
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Original Picture Foreground of Our Method Result Based on Eq.(3)
Fig. 5 Comparison of Our Foreground Segmentation
Method with Traditional Method

From Fig. 3, Fig. 4 and Fig. 5, it can be seen that
our segmentation approach works better than
traditional method.

4. Fingertip Detection

The fingertip detection of our system consists of
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two stages: rough fingertip region based on histogram
analysis and temple-matching stage to detect the
accurate position of fingertip.

4.1 Rough Fingertip Region Detection

The rough region is defined by histogram analysis
in the detected foreground hand image, as shown in
Fig. 6. The rough detection process is accomplished
by the following three steps:

Step 1. Cdculate %, y coordinate histograms of
current image respectively.

Step 2: Detect a region of “beginning X ~ end X’
where the corresponding histogram value changes
significantly in x coordinate. Detect a region of
“beginning Y ~ beginning Y+picHeight” in y
coordinate.

Step 3: The rough fingertip region is typicaly
defined by a rectangle of eginning X-10, end X,
beginning Y-35, end Y +35), as shown in Fig. 6.

7 -1

Fig. 6 Detection of Rough Fingertip Region
4.2 Fingertip Detection by Template Matching
The template matching method based on equation
(5) is used to find the accurate fingertip position.

A . iwvt\)ﬁdth ngight
i.3)=argmin 14 a
1] =

m=0 n=0

absgp(i+m+5,j+n+3)-W(m,n)% S

where (i, ,j; ) is the fingertip position detected at frame
t p(i,j) istheinputting picture w(m,n) isthe fingertip
template wWWidth and wHeight are the width and the
height of template image.

From experiments we have found this method is
good enough to get the accurate fingertip from the
rough region given by Fig. 6. Fingertip detection
results are illuminated in Fig. 7.
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-
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Fig. 7 Some Finger-tip Detection Results with Different Cluttered Background
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From Fig. 7, it can be seen that our fingertip
detection approach is effective and promising. The
proposed approach can also deal with some situations
when the detection foreground picture is a blur (see
the 3° column of Fig. 7). Experiments on large red

world video data suggest that accurate rate for
fingertip position detection can be 95  or higher.

5. Fingertip Based Virtual Character
Inputting HCI system

The diagram of our fingertip based virtual character
inputting HCI system is shown in Fig. 8 The basic
idea of the proposed system is as follows. the

movement of human fingertip is captured by camera,
and the trgjectories of the fingertip is detected and
reconstructed as a kind of character (since there is no
ink when we use fingertip “write” with the certain
movement of the fingertip, we call the reconstructed
character as virtual character). A classifier is then
employed to recognize the virtual character “written”
by fingertip. By this way, human can input character
to computer without any additional devices such as
pen, digital pen and keyboard.

Resl time
1 video capture

Fingertip
detection

Virtud Character Recognition
character recognition [==»
construction d output

Fig. 8 Diagram of the Proposed Fingertip Based Virtual Character Inputting HCI System

The virtual character reconstruction is implemented
by linking all consecutive detected fingertip positions
together when human finished “writing” a character
using fingertip.

Gabor features are extracted for the reconstructed
virtua characters®, and then a LDA (Linear
discriminate Analysis) based classifier® is employed
to give the fina fingertip-written recognition result.
The demo system is implemented by Microsoft
VC++6.0, Windows 2000 OS and DirectX8, on aPC
of Pentium IV 1.8G CPU and 256M memory. We use
normal consume—grade low resolution USB1.0 digital
camera to capture the movement of fingertip. The size
of each frame image is 320x 240. The speed of the
system is about 20fps, and it is suitable for red time
application. Experiments show that the correct rate for
fingertip-written  English  letters and  digitals
recognition is more than 98.5%. Fig. 9 illuminates our
finger-written HCI system.

Bl [Frame: (452

BB

Process 00012 frames per second

The recognition result

AB

&

Fig. 9 Overview of Our Fingertip-Written Character
Recognition HCI System

Compared with conventional character inputting
methods based on keyboard, digital pen, or touch
screen, the merit of our vision based character
inputting system is that it is a novel inputting method
requiring small hardware devices (since the size of
camera is much smaller than keyboard or touch
screen), so that it is especialy suitable for embedded
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application, such as applied to smart mobile phone,
PDA, etc.

6. Conclusions

In this paper, we have proposed a simple but
effective background model and background updating
model for vision-based fingertip HCl system. A
foreground segmentation method based on overal
intensity change is proposed to segment the moving
finger object. Real-time experiments show that in
indoor environment, the system can effectively model
the background and can accurately find the fingertip
position. Based on the fingertip detection agorithm, a
novel character inputting system based on
fingertip-written character recognition is built.
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