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Abstract

fature analysus method was developed for the recogni-
hand generated gestures (or markings). Gesture re-
on differs from handwriting recognition because
tures are often generated in different proportions, ro-
ions, and sometimes in mirror images. The features are
d on direction changes and they are applied successfully
estural variations. This recognition system is a part of
boardless direct manipulation interface to a
adsheet application.
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nt years, recognition of hand-generated tablet-
d symbols has progressed to symbols other than
itten characters and include shorthand, editing sym-
and flow chart symbols [1,2,3]. Recognition of such
bols usually depends on shape consistency. The differ-
e between different instances of the same symbol must
than the difference between different symbols.
ever, there is a class of symbols in which the same
ol can differ, in some respects, more than different
bols, yet recognizable by humans. An example is a
monly used delete symbol ( p —ao — ) which
size, orientation, and sometimes in mirror image.
mputer recognition of such symbols has been difficult
use computers were not taught the features that will
tly classify such symbols.

dblems in gesture recognition

ike handwriting, there is no fixed set of gestures defined
used over the population. Proofreader’s editing sym-
e defined but not widely used. Additionally, gesture
on is not an overlearned skill for most people.
generation is usually a slow conscious process.
seem to be room to define a set of gestures and let
learn and use them. The same gesture is often made
erently by the same person at different times, and re-
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cognition should be designed for this possibility. Gestures
also come in different sizes and orientations. Handwriting,
in most cases, is on a writing line (which may be invisible),
and have fixed heights. On the other hand, some gestures
such as scoping can be small for a small scope like one letter
but large for a large scope like a paragraph. The difference
measures and features developed for handwriting recogni-
tion do not always work for gestures. Thus, a new measure
of difference is necessary for reliable recognition of ges-
tures. Figure 1 shows some delete gestures and circular en-
closing scope gestures for a spreadsheet application.

We identified the following variations (Figure 2) in ges-
tures.

1. Non-linear scaling

2. Rotation

3. Mirror image

4. Reverse direction at production time
We call them gestural variations.

In many handwriting recognition systems, the same letter,
produced differently, is often recognized as more than one
shape but later mapped to one symbol. For example, Suen
[4] has identified 16 different ways of producing "E". Re-
cognizing all of them as possible variations requires too
much time and space. The same approach is possible for
gestures - recognize the variations as different shapes, and
then map all different shapes to the same gesture. Again,
this allows recognition but each gesture may have to be re-

cognized as many shapes and we encounter vocabulary ex-
plosion.

We have concluded that it is necessary to develop a new
recognition algorithm to handle gestural variations. A new
feature, direction change, was found to handle gestural var-
iations. A recognition system that utilizes directions for
fixed shape gestures and direction changes for varying ges-
tures is developed.

Application

The gesture recognizer is a part of a spreadsheet application
interface. Instead of a keyboard and a separate screen, a
specially made transparent tablet on top of a flat screen [5]
is used as an input/output device. With a cursor following
the pen when the pen is close to the tablet surface and



electronic ink trace when the pen is touching the tablet sur-
face, it is possible to make accurate marks on the screen-
tablet combination. The user enters text by writing and
enters commands and operands by gestures directly on the
tablet. Without a keyboard, both gésture recognition and
handwriting recognition are necessary. The fixed feature
analysis gesture recognition developed in this paper and an
adaptive handwriting recognition [6] are used. There are
many other functions required for such keyboardless inter-
face, and gesture recognition is one of them. A more de-
tailed description of the interface can be found at [7].

Vocabulary

Gesture al phabet

Based on a paper and pencil study of gestures [8,9], we se-
lected a few representative shapes as the initial gesture al-
phabet (Figure 3). This alphabet is a mix of gestures that
vary little (fixed shape) and gestures that vary in many ways
(varying shape). We simplified the problem by using single
stroke gestures only. This is not a major limitation for the
small vocabulary set, but future systems should recognize
multi-stroke gestures.

Gesture commands

Usually, a gesture by itself does not make much sense. A
number of gestures are put together to form a command,
just the way alphabet letters are put together to form a
word. Usually, a gesture command consists of a command
(like move), a source, and a target. The recognizer de-
scribed in this paper recognizes basic gesture alphabet
shapes. Another function[10] that understands the appli-
cation and screen display information collects the gesture
alphabet elements together to form a complete command
and send it to the application (spreadsheet in our example)
for execution.

Out put coordinates

In order to apply the gesture command to the spreadsheet,
it is necessary to find the part of the display information
marked by the gesture. For example, if the gesture is a
caret, its tip coordinates are necessary to identify the part
of the display which in turn identifies the location in the
spreadsheet where space is to be inserted.

A set of output coordinates (usually tips, begin/end points,
and/or surrounding box coordinates) are defined for each
gesture. The recognizer, after successful recognition, de-
termines the appropriate set of coordinates.

Preprocessing

Generally, tablet sampling rate is set high enough to capture
all important points[11]. Then, this highly sampled data is
filtered to a reduced set of points necessary for recognition.
Over the years, filtering has evolved to include functions
such as smoothing, wild point correction, hook removal, dot
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reduction and trim[12,13,14,15]. A trim filter works on
internal points of a stroke (from pen down to pen up), and
selects the points necessary for recognition. Another way
of looking at the trim function is piecewise linear approxi-
mation of a stroke.

Smoothing filter

Inaccuracy of the tablet, and digitization noise makes
smooth lines wiggly. A digital low pass filter[16] was used
to remove wigglyness and produce smooth output.

Acceleration filter

We developed a new trim filter for gesture recognition[17].
It relies on pen dynamics, namely velocity and acceleration.
The mass of a human hand holding the pen and the force
that can be applied to it limits acceleration. Large acceler-
ation is from large velocity change and/or angle changes
(Figure 5). Electronic tablets sample pen positions at a
fixed time interval, typically 100 samples per second. This
provides a convenient means to compute velocity and ac-
celeration. At point i, the magnitude of acceleration ac(i)
is:
ac(i)=sqrt(sq(x(i+1)-2*x(i)+x(i-1))
+sqly(i+1)-2%y(i)+y(i-1))).

When ac(i) is greater than a threshold, there is a significant
change in speed, and/or direction. Such a point is probably
necessary for recognition and it is kept. A similar idea has
been used successfully to detect wild points[15].

Direction filter

A second-level filter based on directions is developed for
gestures. This filter is necessary because we use only 12
directions and hence introduce quantization noise. After
the second-level filter, for example, a caret, which may had
30 points initially will usually be reduced to three points.

Development of a new algorithm

Directions are used to recognize gestures for two main rea
sons. Recognition of handwritten characters using di
rections is well established, and we have developed a ney
algorithm that uses direction changes. We can use the same
input characterization for both.

12directions

Eight directions (N E W S NE SE SW NW) have beei
widely used to recognize handwritten characters. For ex
ample, the letter "L" could be characterized as S-E. Bul
eight was not enough for gestures. We used 12 directions
(1 through 12, corresponding to clock directions).

Fixed shape recognition

Fixed shape gestures can be recognized conveniently a
speedily by direction analysis. Following is a list of examp
gesture shapes and directions under ideal conditions:
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WOV ((s15)(112) 1((718)(10111))

ay (923
Xi- :
i..l* a ((6)(9N1((3)(12)).
A flow table with 12 inputs for each direction is used as a
first stage recognition for fixed shape gestures. This first
kes stage recognition can handle minor rotations and size vari-
sed ations, but not major gestural variations.
Varying sha pe recognition
7 Anarrowhead can be characterized as:
e A (D) 1(5)1(6))
rce “
= v (1)((10)1(9)1(8))

ges
it a Y (2)((5)1(6)1(7))
[his : ¢
ac- 1
c(i)
/p (12)((9)1(8)1(7)).
We can map 24 different shapes to one arrowhead. This is
er clumsy and inefficient. 24 expressions are really a
- single expression
ably (n)((n+3)|(n+4)|(n+5)|(n -3) | (n-4)1(n-5))
hat ‘where 1 <= n <= 12,

An arrowhead can be charactenzed as any first direction

and second direction differing from the first by 3, 4, 5, -3,

4, or -5.
| for Non-linear scaling is handled by ignoring vector length.
g 12 Rotation is handled by ignoring the first direction and con-
\fter gentrating on direction changes. Mirror image is handled
‘had by the same expression, but with negative direction change.
S. Reverse direction is handled by the expression written

backward.

When the first stage recognition fails, a second stage recog-
rea- nition is invoked. This second stage consists of codes tai-
y di- ed for each symbol and uses direction changes
Dnew tensively. The delete symbol can be described as 4 or
same re vectors, total direction change of 12, and beginning

ending tails.

Figure 6 shows a delete symbol as captured by the tablet,

. er filtering, directions and direction changes. There are
beert oints and 8 vectors connecting them. Direction change
 exn m the first to seventh vector is -12, and a delete gesture

But is recognized.

tions Bl
The recognition algorithm as discussed above was imple-
mented using the C programming language. It consists of
about 2000 lines of source code, and requires about 100KB
of storage. It runs on various computers and in either
interactive or batch mode.

An experiment was set up with IBM PC AT, RTPC, and
iwo tablet display combinations. One tablet display com-

y and
ample

erface Interface

bination consists of a transparent tablet over LCD display
with electronic ink, and another consists of an opaque tablet
and a separate graphic display with electronic ink. A previ-
ous study concerned a transparent tablet over flat
display[5].

Twenty subjects were presented with spreadsheets contain-
ing instructions to manipulate the spreadsheet (Figure 7).
Strokes generated by the tablet were collected without re-
cognition and later analyzed. Data gathered from this ex-
periment was used for two studies. One study compares the
keyboard against the direct manipulation gestural
interface[18]. This study evaluates the gesture recognition
algorithm. Not all strokes were gestures, and because of
human and tablet errors, not all gesture strokes were usable
for this study. Each gesture, as captured by the tablet, was
viewed on a CRT and subjective decisions were made on
acceptability.

Writings from six writers were used to improve accuracy,
and the improved recognition was tested against all twenty
writers. Improvements are of two types. First, boundaries
for different directions were changed. Initially, each of the
12 directions was 30 degrees wide, but the vertical and
horizontal direction ranges were enlarged with positive ef-
fect. This is due to customary slanted writing habits. Sec-
ond, feature extraction was modified to accommodate the
variety of styles from six subjects.

The accuracy was initially about 80%. The recognition re-
sults after improvement are shown in Figure 8. Recognition
rate is (recognized/written), and accuracy rate is ((cor-
rectly recognized)/ recognized).

Most unrecognizable gestures have hooks or retraces. Small
hooks at the beginning and end of a stroke are removed, but
when the size of the hook approaches the size of the gesture
itself, and become a retrace, it is very difficult to decide if
it is a hook or part of a stroke. Improved hardware and user
adaptation may ease this problem.

Mis-recognitions are among similarly shaped gestures. For
example, a caret pointing down and slanted too much can
be recognized as a general arrowhead. A dot, written as a
short line, can be recognized as a line gesture.

Summary

A new recognition system that recognizes gestures has been
developed. This is a fixed feature analysis system using di-
rections and direction changes. This system can recognize
gestures that were not recognizable previously.

A designer of a recognition system should consider the vo-
cabulary and decide on a set of features that will distinguish
all symbols uniquely. The feature set will include many of
the features that have been used in the past and may include
some new features based on direction changes. Direction
changes add to the previously-established set of features
and expand the vocabulary of the recognizer.

53




Acknowledgement

This work is a part of a larger effort to build a keyboardless
direct manipulation interface to a spereadsheet application.

181

C. G. Wolf, "'Can People Use Gesture Commands?"
ACM SIGCHI Bulletin, October, 1986.

The author is grateful to the management for providing such 91 1D HSn ‘:i“ldj and "'I . 3’(‘:131113’2 91351;;";:’;1 ExPell'limemS‘
environment, and to all the group members for their sup- on s 1“;1;2“3’ ) esearch, No-
port. Special thanks are to C. Wolf, M. Sacks and K. Leone NEROCL, 2

i i llection effort.

far iR helprhie SIS At tollectios 1 [10] J.Rhyne, "Dialogue Management for Gestural Inter-

Refereiices faces," RC 12244, IBM Research, October, 1986.

[11 C.G. Leedham, A. C. Downton, "On-Line Recogni- 1] Jj Kim, and C. C. Tappert, Ha.nd.writing Recog.ni-
tion of Shortforms in Pitman’s Handwritten Short- tion 1}.ccuracy versus Tablet Resolution and Sampling
hand," Proc. 7th Int. Conf on Pattern Recognition, Rate," Proc. 7th Int. Conf on Pattern Recognition,
pp.1058-1060, July, 1984. pp. 917-918, July, 1984.

[2] T. Sakai, K. Odaka, and T. Toiba, "Several Ap- 1121 M. K. Brown and S. G. Ganapathy, "Preprocessing
proaches to Development of On-Line Handwritten techniques ff’f cursive script word recognition, " Pal-
Character Input Equipment," Proc. 7th Int. Conf on tern Recognition, Vol 16, No 5, pp 447-458, 1983.
Pattern Recognition, pp.1052-1057, July, 1984. [13] E. C. Greanias, J. Kim, C. C. Tappert, and E. F.

: foks Yhap, "Handwritten Image Filter for Enabling Ef-

[31 H. Murase, T. Wakahara, and M. Umeda, "Online fective Display with Least Points," IBM Technical
Recognition Algorithm for Hand-Sketched Flowchart Disclosure Bulletin, YO881-0457, Vol 27, No §,
by Candidate Lattice Method," Systems, Comuters, January, 1985.

Controls, Vol 14, No. 3, pp. 37- 46, 1983.
. [14] J. Kim, and C. C. Tappert, "Tablet Image Filter for

[4] C. Y. Suen, "Handwriting Generation, Perception Recognition Purposes," IBM Technical Disclosure
and Recognition," Acta Psychologica, 54, pp. Bulletin, YO881-0091, Vol 28, No 3, August, 1985.
295-312, 1983.

[15] J. Kim, and C. C. Tappert, "Correction of Wild

[51 C.C. Tappert, A. S. Fox, J. Kim, S. E. Levy, and L. Points within an Electronic Tablet Data,” IBM
L. Zimmerman, "Handwriting Recognition on Technical Disclosure Bulletin, YO884-0269.
Transparent Tablet over Flat Display," Proceedings
ofr thepSID Vol.28/1, pp.67-74 138;’. & [16] H. Ellozy, Private Communications, 1986.

: i [17]1 J.Kim, "Acceleration Filter for On-Line Hand Inpu

[6] H.Elozy, Private Communications, 1986. Recognition," YO887-0342, IBM Technical Disclo

sure Bulletin, 1987.

[71 J.R.Rhyne, and C. G. Wolf, "Gestural Interfaces for
Information Processing Applications," RC 12179, [18] C. Wolf, "A Comparative Evaluation of Gestural an
IBM Research, September, 1986. Conventional Interfaces," RC 13187, IBM Research,

October, 1987.
: A B c D E F
2 Hardware Store Prof i.ti/
3  -Dept. Jan Feb Mar©
4 One
P R e ok
td. expenses 9 s 3
% Egg::d.pexpense $?gg $7£3 $1 ,022 rofit
9 misc. $0 $0 $0
}? Profit ($545) ($1,136) ($1,320) profit 1Q
12
13 Dept.
14 Two
15 sales $9,462 $7,373 $6,382
16 std. exp. $2,525 2152525 $2.525
:g nonstd. exp. $6,056  $3,366  $4,045
;g Profit $881  $1,482 ($188) profit 1Q

Figure 1. Direct manipulation gestures.
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Figure 6. Recognition of delete gesture.

::> transparent opaque both
written 804 1032 1836

recognized 795(98.9%)  1015(98.4%) 1810(98.6%)
correctly recod 737(92.7%) 4.1%) 1692(93.5%)

gure 4. Move command built from scope, line and Figure 7. Recognition result for 20 subjects
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Figure 8. Spreadsheet with instruction and gesture input. Lower right corner
gesture is not recognized.
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