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ABSTRACT

We present our prototypsoftware platform for ink
recognition algorithm evaluation Our automated
evaluator rus comparative tests agkcognsers using the
datacollectedandlabelledin the tool. Other functionality
includeslabeling of groups ofstrokes and an extsive
feature library Use of such a platform improse
efficiency in carrying out skeh recognition research and
works bwards developing standard benchnsarfor
evaluatingrecognsers

INTRODUCTION

There is no software platform available to compare the
numerous digital ink recogsers that have been proposed.
Many recognsershave been deloped and have reported
high accuracy rategor example[1-6]. However we need
standard test platforms available to provide fair
comparative evaluations of these recognition techniques
under the same conditionthat isusing the same training
and test data. If we can comparatively evalgat
recognserswe can identify strengths and weaknessed

so inform further developmentind appropriate usage
Such a platform must have access to large amounts of
digital ink data that are representative of a wide range of
diagram types.

The development of sketch tools has been encouraged by
advances in digital pen hardware. Their resemblance to
pen and paper make sketch tools ideal for diagramming
by supportingambiguity and quick construction. In terms

of early phase designshis unconstrained environment
encourages the flow of creativity resulting in better
designs than when using widget based td@l40]. In
addition to thepen and paper like flexibility, sketch tools
benefit from the ease of transmission, replication and
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archiving offered by computer suppoiotential uses
include office automation, software design, electronics
design, architecture and civil engineeringd aaucation.

With algorithms built into these toolshat can
Qunderstan® the diagrams, sketch tools have much
greater potentialSuch aitomatic recognition allows these
sketch tools to support more intelligent tasks such as
editing, execution and convesion of these diagrams.
However current recognition engines lack the flexibility
and accuracy levels requiretor general use. he
ambiguity of hand drawn diagrams makegeneral
recognition problems hard to solve

Recognserscommonly work by measing features of the
hand drawn diagram and using algorithms to classify
diagram components based on these featiire&, 46,
11-17]. Many of thesesystems have relietieavily on
heurigics to determine which features are important for
classification and which algorithms are most suited to
each problem. Although this has provided a good starting
point, it is apparent that there is a need for miagerous
analysis ofsketch recognition grformance and tuning
Furthemore advances in recognition techniques require
large amounts of digital ink data for training and testing
purposes.

There is little ink datgpublicly available currently and
very little support for obtaining and managinglswata.

We have developed a data manager that suppdicept

data collection, singistroke labelling, and automatic
dataset generation for data minifig]. In this paper w
report extersions of our data manager t@ general
recognser toolkit. These improvementerm the core of
framework formanaging sketch data, angihg this data

to prodice newrecogngsers and evaluatingecognsers
There are three main extension areas: fisdtaestroke
feature measurements taken from recent sketch literature
have been added tenhancethe feature setWe have
focusedparticularly on including feature that measure
stroke contextSecond, lie singlestrokelabelling scheme

has been extended to allow us to label groups of strokes.
This is essential for testing recognition of mugitioke
diagram components, which is representative of the
natural way inwhich people drawkinally, a test bed has
been developed to allow us to run comparative



evaluations of variousecognsers based oruser defined
criteria. Use of such a platform will improve efficiency in
carrying out sketchrecognser research and works
towards developing dramework for developing and
testingrecognsers

The structure of the remainder of this paper is as follows
The next section gives an overview of aearlier data
management toplother ink data collectioand labelling
tools and pevious work in the area of standard test
platforms used byelatedresearch communities. We then
proceed to give details of eaektensiommade to our tool
including the extra features added, the mudtioke
labeling function and the test bed for evalig
recognsers Following this we discuss applicati®ror
our tool and limitations to the current developmehie
conclude with future work.

RELATED WORK

Our early tool [18] is a data manager for thefficient
collection and labeling of sketches and automatic
generation of datasetklsing this tool, aresearchefirst
defines the projectfor which they are collecting data in
terms of the types of sketches they wish to collect.
Instructionsare providedfor their participantso follow
when constructing the required diagrand labels that
may be appliedo the particuladiagramdomain.Data is
collected as participants sketch according to
instructions providedThe sketche are then labked on a
singlestroke basis using the labels defined for the
patticular project. Automatic labbkng is also available for
text and shape strokes using aivider [16], making the
process fast and efficientOnce sketches have been
collected and labked we can analyse various features of
the dataWe automatically generate datasetssisting of
stroke based feature measurements from our existing
feature library[16]. Data mining of these datasetsing

tool such as Wek§l9] can reveal significant patterns in
sketching andnform further development of recognition
algorithms.

the

Paulson et gJ20] designed a topISOUSA for collection

and verification of ink data onlineUser studies for
collecting sketches are set up as applets online by
researchers. They specify various criteria for the study
including the types of sketches they wish to collect.
Participants of the studyén access the applet onlineda
sketch the required diagrams symbols according to the
instructions given. All data collected is easily accessible
for all researchers by downloading from the site.
Verification studies can also be set up by the reseatohe
confirm that participants have drawn what veapected
Participants access a verification study from the website
and classify sketches that have been collected according
to given categoriesStatistics are generated to check that
the category givenotthe sketch through the verification
study is consistent with what was expecfEllis tool does

not providelabdling for sketcheshut instead suggests
using otherlabellers for this as theirsimple file format
does not allow fothisextra data.

Wolin et al [21] designed a tool folabelling of ink data
using a digital pen. Their tool has three main functions;
stroke fragmentation (automatic and nmal), stroke
grouping and symbollabeling. Fagmenting is used
beforelabelling as users may draw more than onmtsyl
using a singlestroke and it also helps divide strokes into
primitives i.e. lines and arcs. Stroke grouping is for the
opposite proble of labeling components made of more
than one stroke. Their tool also allows for multiple labels
to be applied to a stroke.

There are also tools available for analysing data and
comparison of algorithms in a standard environment. In
the data mining fiel, Weka [19] is a widely used
workbench which provides access to many machine
learning algorithms for data analysis and algorithm
development. It includes tools for ppeocessing data,
feature selectignand testing of algithms. R[22] is a
similar language and environmetitathas evolvedn the
field of statistics. It includes functions fatatisticaldata
analysis with the use of varie classification techniques.

Individually, dl of these tools provide very useful
features fordata management and analydiowever we
seek to provide a unified framework for the development
of sketch recognition techniques. Such a tool would
ensure a fst and more efficient approach to their
development and provide an environment for fair
comparative evaluations.

EXTRA FEATURES

Features measuring characteristics of a sketch are central
to many recognition techniqués, 2, 46, 1%17]. In our
previous work[16] we compiled a set of 46 features.
These were gathered from related work in sketch
recognition and also included features we believed may
be useful for recognition and newly availabdaturesdue

to hardware advances e.g. pen pressure.

We have etended this library to include a further 24
features, mostly originating fromelated work in sketch
recognition that were not included in the original feature
set. These features include those derived from principal
component analysis and stroke fragméataas well as
features relating to spatial context of strokes, stroke size,
time, and interstroke gaps.More cetails about these
features can be found in tie@pendix.

GROUP LABELL ING

Our original prototype[18] only allowed labeling of
singlestrokes. We have now extended this function to
allow users to apply labels to groups of strokes, sinilar
thatdevelopedoy Wolin et al. [21]. This is important for
developing recognsers for multi-stroke shapes or



components of diagramBor examfe to label arectangle
drawn with four strokesve select the four strokes and
check the ORectangleO checkbox to apply the label to this
group. More than one label can be applied to the same
stroke group, for example the same group of 4 strokes
may belabdled as a OShapeO as well. A stroke can also be
part of more than one group of strokes. When a pre
labelled group of strokes is selected the checkboxes
corresponding to their labels will lecked to illustrate

the label or labal applied to this grougrigure 1 shows

the interface we have developed for labelling groups of
strokes.
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Figure 1. The grouplabelling interface.

TESTING FRAMEWORK

Numerous recognition techniques exist for hand drawn
diagramsHowever, due to theorexistenceof a common
data repesitory for sketched diagrams, statements
regarding accuracy of recogais are not generally
comparableWe have extended our original prototype that
is used for collecting anthbeling data with a platform
for recognser integrationand testing By incoiporating
the recogrser platform into the data collector, recosggrs
can be tested and evaluated in parailals astandard test
platformis used

When designing the extension we focused on the
following requirements to guarantee easy and effective
use

Easy integration ofecognsgersinto the framework
Enablingautomatic testing afecognsers

Providing standard comparative evaluations of
recognsersusing common data

Although our framework is implemented in C# we aim to
be able to easily integrateaognisers regardless of the
technology they use. Rather than-imglementing
algorithms in C#, which can be extremely time
consuming and erroneous, we have chosen to run

recognsers externally. This involves serialhg stroke
information into a temporary ML file on the
frameworkOs side and desesiadj the file in the language
of the target recogsér. A script is used to start the
deserialgation and then the recognition process once the
stroke information has been obtained. The recognition
results amongt other information (e.g. recognition time)
are then seriaded again by the same script and
deserialsed on our side when completed. By choosing
this approach over a -implementation the authenticity

of evay recognser is guaranteecandmeasurementsuch

as recoghnition times in the original configuration result in
generallycomparable results

The integration of a recogs@r into our dol involves two
steps:

1.A class implementing the IRecogar interface has to
be added. The interface only specifieshet
implementation of one method to ensure automated
method invocation.An example of such a class is
shown in Figure 2.

ame specified in the xml file
rs.RecogniserName

rt external p

Process.Star ess) .WaitForExit () ;

Object recognitionResult = Deserialize( t c t Ea%)i

Figure 2. Example recogni®r class implementing the
IRecogniser interface.

<rxml version="1.0" encoding="utf-8"?>

<Recognisers >

<!-- The name of the recogniser must be identical to the namespace of
the recogniser class-->

<Recogniser name="RecognisetName" />

</Recognisers>

Figure 3. ExampleXML settings file for the recogniser
specified in Figure 2.

2.The recogniser namhas to be specified in the XML
settings file again for automatic class invocation
purposes. Other optional parameters including a
boolean specifying whether the recognisers needs to be
trained or not and the path to the required training set
can be parbf the XML settings file. More options may



be added at a later date as needed. An example of the
basic XML settings file required for the recogniser in
Figure 2 is shown in Figure 3.

Options other than the recogsr name can also be
specified through theiserinterface (Figure 4; however
they arebest noted inthe settings file for the sake of
automation. Currentlpptions cover different aspects of a
recognser such as the ability to recogei shapes
consisting of multiple shapes or recagmmore than e
shape at a time. Additionally, for the sake of automation,
options specific to each recogniser can be specified in the
settings file such as switching off certain recogniser
modules. This can be useful when comparing recognisers
with different sets of &sic shape classes. To enable a fair
comparison, modules responsible for recognising a basic
shape class not available to all recognisers can be
automatically switched off.

From the evaluator interface (Figure),4the user may
select from the available regnisers in box A and then
select the diagrams that they wish to usalas for the
testfrom box B. There are additional recogen options

(as discussed above) and output options for the results.
Onceall selections have been maitlés a one button atk

on ORecogseOto run thoserecognsers on the chosen
dataset.

a5l Evaluator o |3

[ InkKit
OneDollarRecognizer
li

¥ Cal
(G PeleoSketch ]

[T] Microsoft ShapeRecognizer

Recognize ‘

Recognizer
Options

[F] oW

Output Options
[7] Generate Excel Result File

[] Snapshot False Recognitions

Quick Select
[¥] Select All Diagrams

=)-[¥|Participant 0

[¥]User Interface

[ Directed Graph

[¥]Organisation diagram
=[] Participant 1

[¥] User Interface

["] Directed Graph

[] Organisation diagram
=)-[¥] Participant 2

[¥] User Interface

[ Directed Graph

[] Organisation diagram Y.

ml»

[¥] User Interface
[¥] Directed Graph
[¥] Organisation diagram

Figure 4. The evaluator interface

Once the recognition is finished a report on the results of
the test is automatically generated. Additionally,
thumbnails of misclassified strokes can denerated for
viewing. This is to help researchers visually identify
patterns that may occur in misclassified instances as a
first step to solving these problems.

The generated report first gives general recognition
information such asletails of thedataused for the test

the dateandtime when the test was performexhd other
options used for the testhis isrecorded so that the test
may bereplicatel under the same conditiorier future
comparisonsFurthermore, general statistics including the
totd number of corredy or incorrectly classified
instances are given. Other statistics identify the number of
correctly or incorrectly classified instances for each
recognser, for each instance type and for each participant.

DISCUSSION

The purpose of thifamework is to enable researchers to
run evaluations of theirecognsers However this is not a
straightforwad task because eacbcognser has different
goals and constraints. To explore some of these issues we
are planning comparative evaluations ofiséng basic
shaperecognsers

Seven basic shapecognsers have beerntegratedinto

our tool as shown in Table 1. This table atsonmarises
certain characteristics of each recognition engine. We
must consider these differences betwemognserswhen
running our evaluations. For example if we compared the
accuracy of CALI[5] and RubineO§l] basic shape
recognsers we would need to consider that fwueOs is
constrained by sijle-stroke shapes whereas

CALI can handle multstroke shapes. CALI has a clear
advantage given that it supports a more flexible
environment.

An open question remains as to how we can perform fair
comparative evaluations of recognisers given that they
clearly have different characteristics. The main issues we
have identified as important to consider are as follows

1. Accuracy
The percentage of correct or incorrectly classified
instances using the same test dataset.

2. Time
The time taken for the recogniser fassify a dataset
as this reflects its efficiency. This is difficult to
measure given that we may not always run the
recognisers in the environment they were designed
for. We may also like to consider whether it is a lazy
or eager recogniser.

3. Recogniser aastraints
The individual capabilities of each recogniser such as
its ability to recognise single or muktroke shapes,
or to recognise multiple shapes drawn with one
stroke.

Target shape set

The set of shapes that the recogniser is designed to
classify.While many recognisers include Obasic

shape recognitionO there is no agreement on the set of
basic shapes.



Name Recognsessingle or Recognses nultiple Results in Results by Technology

multi-stroke shapes shapes drawn with one | rankedlist | confidencevalue used
stroke

CALI [5] Multi No Yes Yes C/IC++

Rubine[1] Single No Yes Yes

INkKit [17] Multi No Yes Yes C#

$1 Recognser [6] Single No Yes Yes

Dynamic Time Single No Yes Yes

Warping[6]

Microsoft[23]

PaleoSketcli2] Single Yes Yes No Java

Table 1. Summary of basic shape recogsers already integrated into our framework.

5. Extensibility of shapeet
Some recognisers have a fixed set of basic shapes
while others have an extendable user defined set.

6. Age and Hardware
The age of the recogniser. Is it fair to test a new
system with one designed 10 years ago considering
advances in hardware and computpayver?

7. Target application
The recogrsers intended use. For example is it
designed for recognition of diagrams, command
gestures, document analysis possibly for a more
specialsed domain such as just for user interface
diagrams?

Many of these factorsare interdependent which
contributes to the difficulty of running fair comparative
evaluations.

Given the issues presented above it is obvious that when
comparing recognsers we are unlikely to come to a

definitive answer to the question OWhich is the best
recognser?0 Instead what we can learn are the

comparative strengths and weaknesses of each and use

this knowledge to inform further development.

It is alsoclear that we still need human interpretation of
results to draw any useful conclusions, esphci&lwe
want to learn from failures. Our results report includes
thumbnails of misclassified strokes to aid the process of
analysing failures by the algorithms. Visusditions like
this help us to identify consistent failures quickly and
therefore pave #h way to the correct solutions. This
contributes to the cycle of development for these
algorithms that we wish to encourage.

CONCLUSION AND FUTURE WORK

Thetoolkit presented here advandbe development and
evaluation of sketch recognition algorithni$he platform
includes the grouplabelling function, the addition of new

stroke featurgsand a framework to integratecognsers
easily into the tool for running comparative evaluations.
We are currently considering what constitutes dair
comparative test forecognsers given their differing
characteristicaand constraints. We are also working on
adding more options to the testing framework to help us
to support this

This is an open source project and we encourage other
researchers to use and contributethés project It is

available for download from
http://www.cs.auckland.ac.nz/~rpatel/
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Feature Description

Origin

Principle component analysis

Direction
the largest eigen value

Direction of the stroke given by the eigenvector ¢ [11]

Eigen valueatio

The largest eigen value/ smallest eigen ®alu

Fragmentation

Number of Fragments

Number of fragments in a stroke where a stroke| [11], using Short Straji24] as a
fragmented according its to corners

fragmentation technique.

Largest Fragment Length

Arc length of the largest fragment

Abs Curve of Largest Fragmen{ The total absolute curvature of the largest fragm

Largest Fragment Direction

Direction of the largst fragment given by the
eigenvector of the largest eigen value

Long Side of Enclosing Rect of| The longest length of the largest fragments

Largest Fragment enclosing rectangle

Spatial Stroke Context

# Strokes Horiz Close
current stroke

The number of strokes horizatiy close to the New




# Strokes On Same Horiz Plang

The number of strokes on the same horizontal
plane as the current stroke

# Strokes Contained

The number of strokes contained in the current
stroke

# Strokes Similar Height

The numbertsokes of similar height to the curren
stroke

# Strokes Vert Overlapping

The number of strokes vertically overlapping the
current stroke

Inter -Stroke Gaps

Log time diff from prev Log of the time between the current and previou| [11]
stroke

Log time diff to next Log ofthe time between the current stroke and t
next stroke

Log start time from prev Log of the time from the start of the previous
stroke to the start of the current stroke

Log start time to next Log of the time from the start of the current strok
to thestart of the next stroke

X Start point diff The difference in the starting X coordinates of th
current stroke to the start of the next stroke

Y Start point diff The difference in the starting Y coordinates of th
current stroke to the start of thexnstroke

X Diff between strokes The difference in the X cordinate between the
current stroke and the next.

Y Diff between strokes The difference in the Y cordinate between the
current stroke and the next.

Size

Thinness ratio Theperimeter squad ofthe strokeGmnvex hull / | [5, 25]

area of the stroke@snvex hull

Length:Perimeter ratio

Strokelength / perimeter ahe strokeGmnvex
hull

Length Ratio

Cumulativedistance betwan stroke pointdéngth
from start to end point of a stroke

Adapted fron1]

Time

Max speed squared

Maximum speed of the stroke squared

[1]




