App earance Based Object Recognition with a Large Dataset using
Decision Trees

Philip Blackwell1?
philip.blackwell@anu.edu.a

1Robotic SystemsLab, RSISE
Australian National University,
ACT 0200, Australia

Abstract

A framework for a new object recognition sys-
tem is preserted that tailors the classic deci-
sion tree to the speci ¢ needsof object recog-
nition. The key advantage of such a systemis
the ability to handle a large databaseof known
objects with real-time performance,a failing of
current object recognition systems. A new im-
age database is preseried that is challenging
both in size (over 100,000images), and con-
tent (highly similar objects). Early results, us-
ing the simplest features, are promising with a
recognition rate of 89%.

1 Intro duction

Visual object recognition is a huge eld, for which a com-
plete general solution is unattainable. Searding for a
known object in a given scene,and identifying a given
object are inherertly dierent problems. The problem
consideredhere is the latter. We assumethat the given
object is represened by oneun-occluded, reasonablyseg-
mented view. This allows for easierselectionof features.
However, the general method of decisiontrees does not
require these assumptions. The aim here is to build a
system that is capable of scalingto a large number of
known objects, with real-time performance.

There are many ways of comparing one object with
another, much work has beendonein this area. But no
matter how simple and accuratethe comparisonis, there
is no way of directly applying thesemethodsto large ob-
ject databases.Scaling with the number of recognisable
objects is usually poor.

Support Vector Machines (SVMs) have been used
successfullyin various problems of pattern recognition.
They provide a simple data driven approach to classi-
cation, nding optimal splitting hyperplanes between
sets of feature vectors. They solve a two class problem
(i.e. is a face,is not a face), and as such have beensuc-
cessfully used for object detection [Osuna et al., 1997.
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There are ways to consider multi-class problems as ex-
tensionsof two classproblemsin [Pontil and Verri, 1994,
splitting hyperplanes are de ned between ead pair of
objects, and classi cation is carried out in the form of
a tennis tournament. This achieves good results, but
doesn't allow for a large number of objects, since the
number of pairs grows as the square of the number of
objects. An alternative method is preseried in [Cortes
and Vapnik, 1995, where splitting hyperplanesare gen-
erated oneagainstk, resulting in linear order, but results
are lessclear, in general, the tennis tournament is pre-
ferred method.

Aspect graphs [Faugeraset al., 1999 provide a good
way of matching an object against a set of characteristic
views. Although the majority of the work in the areais
focusingon limited datasetssinceindexing is otherwisea
problem, there have beenattempts to usesuc methods
on reasonablylarge databases.In [Cyr and Kimia, 2004
shock graphs are usedas in improved method of index-
ing, a databaseof 64 objects is used, and good recogni-
tion results are achieved, but recognition still takes up
to 45 minutes.

Good results were achieved for a large database (100
objects) in [Murase and Nayar, 1999. A universal
Eigenspaceis calculated basedon all learned images,in
which ead object is represeried as a manifold (for all
its di erent views). New imagesare projected into the
Eigenspace,then classi ed as the object of the nearest
manifold. The main di cult y isin the calculation of the
Eigenspacealthough it isanoine processthat canrea-
sonably be allowed signi cant time, it scalespoorly both
with the number of objects and number of views. This
will be a limiting factor to the size of the database.

Ultimately, to scalee cien tly, recognition must be at
a higher level than simply matching against known ob-
jects. The general approad is to take somehigh level
featuresthat describethe object, and index them in some
way. This is known as the indexing problem. Indexing
will, in general, be highly sensitive to small changesin
the features, this meansthat the featuresmust be highly



robust to noise, rotation, scale,etc. which is very di -
cult to achieve for any meaningful dataset.

A decisiontree is usedto achieve fast, scalablerecog-
nition. A decision tree is a very simple and intuitiv e
way of splitting data, a \divide and conquer" approach.
Although widely usedin the machine learning and data
mining communities, decision trees haven't been used
much for object recognition. The main reasonfor this
is that the data tends to be split in one dimension at
a time, usually thought to be too simple for a task as
complicated as object recognition. However, there is no
real reasonthat more sophisticated splits can't be used.
Decision trees have two distinct advantages for object
recognition: they naturally handle large databases,and
they allow for a rich choice of features, sincenot all fea-
tures needto be computed for classi cation.

Section 2 givesa brief overview of decisiontrees. Sec-
tion 3 describes the object database used. Section 4
gives an overview of someinitial experiments. Section
5 discusessome of the featuresthat are planned to be
incorporated into the decisiontree.

2 Decision Trees

The concept of a decisiontree is very simple and intu-
itiv e, and a simple exampleis a good starting point for
the unfamiliar reader (Figure 1). Playing out very much
like a gameof \t wenty questions”. Where a decisiontree
in the interrogator's head is traversedaccording to the
answersto questionsposedat ead node.

Decisiontrees are a classicmachine learning and data
mining technique, most work stemming from CART
[Breiman et al., 1984, and ID3, C4.5 and C5 dewveloped
by Quinlan [Quinlan, 1990; 1994. There are two dis-
tinct processeghat needto be implemented; building
the tree, and then making classi cations basedupon it.
Before describing these processessome terminology is
described.

Examples are the things being classi ed, they are
lakelled to identify the classthey belongto.

The dataset is the collection of examples.

Features are measuresthat can be derived from ex-
amples, e.g. Circularit y, could be a measureof how
much an exampleis like a circle.

Questionsde ne boundariesin feature-spacefor ex-
ampleif afeature took real numberedvaluesa ques-
tion might be that somefeature of an exampleis less
than 0.5.

Nodes make up the tree, they corntain examples,and
if they are not terminal, contain a question the an-
swersto which are represened as further nodes.

The tree is built by successiely nding questionsto
split the dataset, in meaningful ways, until it canbe split

Animal, Mineral, or Vegetable?

) Vegetable
Animal

Mineral

Mammal?

Plastic?
No Yes
N/ Xes

Does it fit in my mouth?

7Y

Is it a piece of Legc

No Yes

Is it black?
Figure 1: A small part of an example decisiontree.

no more (either becausethe features of all examplesare
equal, or all examplesbelong to the sameclass). The
building is top down, at ead point information theory
heuristics are usedto decideat any point what is likely
to be the \b est" split.

To classify an unseenexample the tree is traversed
depending on the answersto the question at eat node,
when a leaf node is reached the classi cation is made
basedon the learned examplesin that node.

Good classi cation (both in terms of accuracy and
speed) depends ertirely on the tree. To achieve fast,
accurate recognition, the tradeo is a complicated, pos-
sibly slow training process.ldeally, there is no real limit
to what questionsto askat any node, but there must be
with time constraints. However, the aim hereis to push
the boundaries of what questionscan be asked.

The key di cult y with a decisiontree is that at each
nodethere are many possiblegood waysto split the data,
there is no way of knowing which split to aim for. Where
aswith, for example,an SVM nds the bestway to dif-
ferertiate betweentwo given sets of examples.

3 Object Database

A common problem in computer vision is having overly
simple test data. In the caseof object recognition, the
databaseof known objects can be trivially small, or dis-
tinct. Often, object recognition systemsare only tested
on a handful of objects, where scalability cannot be



Figure 2: Four yellow bricks.

tested, and recognition rates can be biased.

There aren't many large test image databases, and
of the available databases,none really allow for proper
testing of the aims of this project. Probably the most
widely usedis COIL-100 [Neneet al., 1994, having 100
objects with 72 views of eat object, but it hassomelim-
itations. Firstly, the 72 views are quite limited, simply
rotating the object around its certral axis. Secondly the
objects are highly distinct. There are seeral simulated
databasesthat is databasesof CAD and VRML models.
These are good, becausearbitrarily many views can be
generated, but the absenceof noiseis hard to properly
accourt for.

Soa new databasehas beengeneratedthat has many
objects from a similar class (all Lego), many views of
ead object (in random positions), and real noise. An
important aspectis that the training and testing samples
are chosen,randomly, from onedatabaseof typical views
of the object.

The imagesare taken with a 640x480webcam, with
all settings on automatic. The resulting images, once
cropped, are approximately 20-100 pixels in width and
height.

Reasonablesegmetation is made possible by having
the objects on an otherwise empty, white platform. The
segmetation is still automated, and of course,not per-
fect, shadows usually remain, to di ering extents, spec-
ular re ections are often removed. Occlusion is avoided
by only selectingimageswhere the object is completely
surroundedby the background. Lighting is controlled up
to a point; there are halogenlamps directly above the
platform in a xed position, always on, but the platform
is next to a window, in a well lit room.

Someexampleimages(Figures 2, 3 and 4) of di erent
typesof bricks in the database.

3.1 Acquisition of images

To give the databasethe desired features, the method
for acquiring imageswas somewhatuncorvertional. The
camerawasin a xed position, and ead Lego brick was
repeatedly dropped from a height of about 15cmto fall
on a platform in a random pose. Obviously, the machine
had to be made out of Legoitself (Figure 5).

Figure 3: Four grey gears(scaledto similar sizes).

g

3.2 Size

The databaseis large both in number of classes(89),
and number of examplesper class(at least 1000), for a
current total of 100,000images.

This allows for thorough testing of performance
(particularly scalability) both in terms of preprocess-
ing/learning, and recognition.

Also, the dicult y of recognition increases with
database size. If there aren't enough objects in the
database,there will be trivial splits in feature space.

Figure 4: Four wedgepieces.

3.3 Range of Views

Given the subject matter, the method used here to ac-
quire the imagesrestricts the range of views - it is ex-
tremely unlikely that a block will land on anything other
than one of its sides,and sincethe camerais in a xed
position it will be impossibleto get a directly overhead
view of a block. However the limitation is nothing like
that of most databases, where views are limited to a
xed set of, usually regularly separatedaround a view-
ing sphere.

The databaseis represenativ e of the views of the ob-
ject that are likely to be seen. For example consider
imagesof a block sitting on its base,and sitting on its
end (Figure 6). The former will presumably be repre-
serted many more times in the databasethan the latter,
and to good e ect: the recognition system will be able
to takeinto accourt that it is moreimportant to be good
at recognisingthe more common poses.

Of course, this doesn't mean that the databaseaccu-
rately represerns the likely posesof Lego blocks \in the
wild", but the results obtained using a database with
someform of real world bias will be more represerativ e
of the results to expect when using real world data.



Figure 5: First dropping a piece, then taking a picture,
then brick is pushedo the (raised) platform sothe pro-
cesscan repeat.

Figure 6: Two posesof an 8x2 block.

3.4 Lego Characteristics

The Lego bricks in general are quite simple objects, in
someways this makesthe task of recognition quite sim-
ple, but in others quite di cult. The colour of the bricks
is very distinctiv e; a yellow object in this databaseis
quite obviously yellow. On the other hand, the simplic-
ity of the objects can make them di cult to di eren tiate;
the di erence between a six units long axle, and a v e
units long axle is in many ways quite small.

Another point is that everybody can get Lego. If peo-
ple want to conduct further experimerts to evaluate their
recognition systems when trained with this database,
they will have easyaccesdo identical objects.

4 Preliminary Results
4.1 Approac h

The approach taken is, at a high level, quite corven-
tional. Each object in the databaseis given a list of
values for various features, and then, using a subset of
the dataset a decisiontree is built, basedon those fea-
tures. The tree is then tested using the remaining data.

The typical approach is to de ne an appropriate set
of featuresfor the dataset. Although applying this gen-
eral technique to a particular dataset can be a challeng-
ing and worthwhile problem, that is not the aim here.
Rather, the aim is to show that using simple featuresa
decisiontree systemis capableof achieving good recogni-
tion rates on a challenging, large datasetswith real-time
performance.

4.2 Features

Sincethe aim isn't to build a systemthat can recognise
Lego bricks for the sake of recognisingLego bricks, the

emphasisis not on developing new featuresthat are de-
scriptive for Lego bricks. The features used are fairly

simple, and mostly well known. Terminology used is
mainly taken from [Csetverikov, 2003.



Figure 7: The contour, and corvex hull of an image.

Images are assumedto be one\blob" of 8-connected
pixels. Most of the features are shape basedusing fea-
tures derived from the outer contour and cornvex hull
(Figure 7).

Colour Due to the simplicity of the colour in the
database only the simplest colour features were used.
Three features(Red, Green, and Blue) werederived from
the averagevaluesof the respective image channels,nor-
malised by dividing by the averageintensity.

Elongation  The ratio of the the major axis length to
the minor axis length is called Elongation. The axis
lengths weretaken asthe width and height of the rectan-
gle t around the corvex hull, suc that the Elongation
was maximised.

Circularit 'y Another commonly usedshape basedfea-
ture is the ratio of the areato the perimeter squared,
speci cally 4p—2A. Two measuresof this direct feature
were taken: ContourCircularit y, and ConvexHullCircu-
larity using the measuremets for area, and perimeter
from the contour and convex hull respectively. A third,
similar measure Circularit y, wastakenincorporating the
diameter (from the convex hull), and the area(the num-
ber of pixels) %. No argumernt is made asto which of
thesefeaturesis a more appropriate measureof circular-
ity - it doesn't really matter. It is up to the decisiontree
to decidewhich feature will generatea more informativ e
split at any given node.

Ratios of Areas The ratio of the area of the convex
hull to the area inside the contour is a feature called
Roughness.The ratio of the total areato the areaof the
contour is a feature called Filled.

Relaxed Convex Hull One measure used, that
wasn't found in the literature attempts to measurehow
much the corvex hull is like an N sided polygon for any
given N. The corvex hull is repeatedly relaxed® (Fig-
ure 8), from its original number of vertices to three (if

1The relaxation is a greedy processat eac stage choosing
the relaxation which least increasesthe area of the convex
hull.
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Figure 8: Successie relaxed corvex hulls.

possible). The measureRelaxedRatio(N) was taken for
N 2 [3;8] asthe ratio of the area of the convex hull to
the area of the relaxed N -sided corvex hull.

It should be noted that this algorithm doesnot nd
the smallest N -sided polygon that cortains the cornvex
hull, nor doesis it intended to.

Gradien t The above features take no accourt of the
internal structure of the object. Various feature detec-
tors were tried, but without much success.Due to the
simple monotone nature of the images, and the limited
resolution available from the webcam even edge detec-
tion proved very dicult, especially with the same pa-
rameters used acrossthe database.

Soonly two very simple features were used; Average-
Gradient is de ned asthe averageintensity of the Sobel
gradient, PercertEdge is de ned asthe ratio of the num-
ber of edgepixels (found by the Canny edgedetector) to
the total number of pixels.

Symmetry  Measuresof symmetry aretakenabout the
major, and minor axis as de ned by the momerts. For
shape, the symmetry is de ned as the ratio of the area
of the convex hull to the area of the convex hull includ-
ing all points mirrored about the respective axis, called
CHMajorAxisSymmetry and CHMinorAxisSymmetry .

A measureof symmetry that takesinto accourt the
internal structure is de ned as the Normalised Cross
Correlation of the imagesand itself mirrored about the
respective axis, called MajorAxisSymmetry and Mino-
rAxisSymmetry.

4.3 Results

Despite the aim of 1000 examplesof ead class,the col-
lection processwas not perfect, some classesended up
with signi cantly more examplesand somecontained a
few errors. These results (Figure 9) are basedon a -

nalised database of 89 classesead with 900 examples.
When training wasperformedwith N examplesper class,
testing was performed with the remaining 900 N. The
overall classi cation rates for eadh tree is de ned asthe
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Figure 9: Recognition Rates for the whole database (89
classes).

percertage of correctly classi ed (unseen) tests. The
classi cation of a particular example is taken as the
modal classin the leaf node of the decision tree that
the exampledescenddo (in almost all casesthis modal
classwasthe only class).

Classi cation rates are given per block (Figure 4.3)
for the most exhaustive test (800 training examplesper
class).

Table 1: Classi cation rates per block. For ead type of
block an exampleimage is given and classi cation rates
are given for ead colour, as well as for the colour blind

contin ued from previous page

tests.

Image Classdescription | Recognition rates
b angleblock-2x2 black 0.82
no colour | 0.76

ﬁ anglebradket-2x2 grey 0.83
no colour | 0.76

, axle-2 black 0.91
no colour | 0.90

\ axle-3 black 0.96
no colour | 0.94

’ axle-4 black 0.97
no colour | 0.93

§ axle-5 black 0.98
no colour | 0.96

’ axle-6 black 0.99
no colour | 0.97

W axlebrace-2x2 grey 0.84
no colour | 0.77

beam-2x1 black 0.82

blue 0.82

& red 0.87
yellow 0.79

Image | Classdescription | Recognition rates
no colour | 0.47

beam-4x1 black 0.83

~ green 0.98
red 0.92

no colour | 0.76

beam-6x1 black 0.91

\ blue 0.97
red 0.96

no colour | 0.85

/ beam-8x1 blue 0.98
no colour | 0.92

- beamxhole-2x1 green 0.76
no colour | 0.50

block-2x1 black 0.74

; green 0.73
a yellow | 0.79
no colour | 0.55

block-2x2 black 0.86

blue 0.93

. green 0.79
red 0.90

yellow 0.91

no colour | 0.70

block-3x2 black 0.80

blue 0.84

' green 0.67
red 0.88

yellow 0.85

no colour | 0.53

block-4x2 black 0.93

blue 0.95

’ green 0.93
red 0.94

yellow 0.90

no colour | 0.78

block-6x2 black 0.90

blue 0.97

A S red | 0.03
yellow 0.97

no colour | 0.80

. block-8x2 black 0.95
gﬁ yellow 0.99
no colour | 0.90

’ blockcurve-3x2 green 0.65
no colour | 0.58

d cam-4 grey 0.96
no colour | 0.93

& ) compoundgear-half grey 0.93
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Image | Classdescription | Recognition rates
no colour | 0.85

w connector-4 grey 0.97
; no colour | 0.96
& connector-I red 0.99
no colour | 0.95

' endaxle-2x1 black 0.94
no colour | 0.87

“ at-1x1 grey 0.82
no colour | 0.74

@ at-2x1 grey 0.85
no colour | 0.78

at-2x2 green 0.95

. grey 0.92
no colour | 0.85

/ at-4x1 grey 0.85
no colour | 0.79

\/% at-4x2 yellow 0.95
- no colour | 0.90
/ at-8x1 grey 0.97
no colour | 0.94

& athole-4x2 grey 0.93
no colour | 0.96

i athole-6x2 grey 0.98
no colour | 0.98

% gear-12 grey 0.88
no colour | 0.92

w gear-16 grey 0.94
no colour | 0.93

m gear-24 grey 0.98
no colour | 0.98

gear-40 grey 0.99

no colour | 0.99

@ gear-9 grey 0.89
no colour | 0.88

. hingebase-3x1 black 0.84
no colour | 0.76

) holeconnector-3 black 0.94
w grey 0.92
no colour | 0.91

5 holeconnector-5 grey 0.98
no colour | 0.95

; hub-2x1 yellow 0.95
4 no colour | 0.88
0 hub-medium white 0.99
& no colour | 0.98
@ hubtyre-medium yellow 0.94
no colour | 0.94

@ hubtyre-small yellow 0.97

contin ued from previous page
Image | Classdescription | Recognition rates
no colour | 0.96
q lbeam-5 black 0.92
no colour | 0.90
% ornamert-8 grey 0.90
no colour | 0.86
\\% peg-1 grey 0.94
no colour | 0.93
el peg-2x2 yellow 0.98
L no colour | 0.96
' pegend-1 blue 0.97
no colour | 0.78
@ pulley-2 grey 0.94
no colour | 1.00
@ pulley-6 grey 0.91
no colour | 0.98
ﬁ pulley-small grey 0.83
no colour | 0.82
rack-10 grey 0.83
no colour | 0.80
reversevedge-2x1| black 0.63
T yellow 0.74
no colour | 0.60
- reversevedge-3x2| black 0.81
no colour | 0.77
| sensorpush-3x2 grey 0.87
Q no colour | 0.64
wedge-2x1 black 0.66
' yellow 0.72
no colour | 0.63
’ wedge-2x2 green 0.76
: no colour | 0.67
* wing-1 orange 1.00
no colour | 0.99

As can be seenthere are a few classeswhich make up
the majority of errors. In many casesthis is expected,
for example, there are many views from which a beam-
bla ck-2x1 looksjust like a block-bla ck-2x1 .

Another measureof performanceis the sizeof the pro-
ducedtree, we measurethis by looking at the total num-
ber of terminal nodes (Table 2). It is quite clear that
there are many classeswhich are easily handled, and
somewhich are more troublesome. In general, theseis-
suescan be dealt with at a lower level through matching
techniques.

Colour Blind

Part of the beauty of a decisiontree is that high level
splits can split well on simple attributes, and divide one
large dataset into seweral small datasets. Unfortunately
this makes our main objective, scalability, hard to test.



Table 3: Performancefor the rst tests (89 classes)

Table 2: Terminal nodes.
Number of examples | Number of terminal
(per class) nodes
100 757
200 1,311
300 1,809
400 2,238
500 2,658
600 3,101
700 3,452
800 3,842
83 T
82 -
81 [ - -
E 80 /
% 79t //
% 77 [ /
g et //
75 - /
74 —//
73 . ; . . ; .
100 200 300 400 500 600 700 800

Number of examples used for training

Figure 10: Recognition Rates for the limited database
(60 classes)with the feature of colour removed.

In this casethe early splits will inevitably be colour
based,and due to the subject matter, will be quite accu-
rate. In e ect this divides one reasonablylarge dataset
neatly into smallermore manageabledatasets. Sincesev-
eral objects only appear in one colour, the recognition
of them is made simple, for example there is never any
needto dierentiate between a hub and a gear, since
they are di erent colours, despite the fact that they are
both circular.

To alleviate this the system was tested in an e ec-
tively colour blind manner. That is, classeswere rela-
belled to avoid any distinction basedon colour?, and the
three featuresrelating to colour were removed. The re-
sulting databasewas reducedto 60 classes(Figure 10).
Although some of the classesnow had more examples,
the number usedto learn and test remained the same
(randomly selectedfrom all samplesof the class).

The results take the sameformat as above.

4.4 Performance

All performance bencdhmarks were taken on an Intel r
Pentium r 4 CPU 3.00GHz, with 1-Gigabyte of RAM,
running Debian GNU/Lin ux. The featureswere all pre-

2For example block-bla ck-4x2 and block-green-4x2
were both labelled block-4x2

Number of training | Avg time to | Avg classi cation
examples (per class) | build tree time
100 88s 0.2ms
200 176s 0.28ms
300 407s 0.55ms
400 535s 0.66ms
500 730s 0.9ms
600 555s 0.6ms
700 674s 0.67ms
800 778s 0.72ms

processedand took an averageof 0.1 second4o compute
for eadh image. This could probably be considerablyim-
provedupon sinceall code wasimplemerted from scratch
(without taking advantage of optimised imageprocessing
libraries). The generation of the decisiontrees and av-
erageclassi cation time were timed for se\eral training
examplesper class(Table 3).

There are somesmall anomalies,but this is probably
due to varying load on the testing system. Again, this
could be signi cantly improved upon. For onething the
code is implemerted in pure python, re-implemertation
in C would o er signi cant performancegains. It is obvi-
ousthough, consideringthe feature calculation time, and
the classi cation time, that at this point the bottleneck
is in the feature computation.

5 Future Work

Rather than using one of the standard \o the shelf’
decision tree systems, a decision tree system has been
implemented in Python. This oers many opportuni-
ties to improve upon the convertional approachesused.
At the current stage,the decisiontree systemis loosely
an implementation of that described in [Breiman et al.,
1984, and at a high level this structure will remain the
same. There are seweral possibleimprovemerts to this
implemertation, sometaken from the machine learning
and data mining literature, others somewhatspecic to
the task of object recognition.

There are two key advantages using decision trees in
object recognition, over the traditional generaluse:

Classi cations can be validated. That is we have
accessto more information than just the features,
oncea classi cation hasbeenmadeit canbe tested
againstthe learned examplesin that terminal node.

One of the main applications of decision trees is
nding patterns in large datasetsthat can easily be
interpreted by domain experts. That is, at least
partially, why convertional trees often make overly
simple splits. In this application simple intuitiv e
splits are lessof a priorit y.



Lazy Feature Evaluation Featuresonly needto be
computed for objects if they are neededby the decision
tree. This in itself isn't going to be a huge performance
improvemern, but only by doing this are later improve-
ments possible,ultimately, this freesus from being lim-
ited to a xed number of features.

Computational Cost Based Feature Selection

The classical use of decision trees is based on datasets
where the attribute valuesare given. The di erence in
object recognition is that the featuresmust be computed,
but di erent featureshave di erent computational costs.
By incorporating the computational cost into the selec-
tion of feature, deeper decisiontrees, which would nor-
mally be consideredworse, may be consideredbetter if
though asking more questions,the questionsare cheaper.

Multiple  Questions Per Node Going back to the
example of twenty questions, it was suggestedthat the
perfect player has accessto the perfect tree, but really,
is there such a thing? Quite often with human players,
even though they might be asking a reasonablequestion,
ask a question that for which the answer is not ertirely
clear. In which casethe interrogatee will ask the inter-
rogator to \ask another question". Now obviously, this
fuzzy boundary problem will not have a precisesolution,
but an attempt could be made.

Supposefor a momert that at eac node rather than
making a pair of child trees for the best question con-
sidered, a pair was made for every question considered.
Statistical analysiscould be done on ead set of answers
to determine a range around the boundary of the answer
that was considered\uncertain”. Now, when classifying
at that node, if the answer to the rst questionwas\un-
certain”, the secondquestion could be tried, and soon.
A similar system was consideredin [Kohavi and Kunz,
1997. There are seweral reasonswhy this isn't a widely
usedapproad in the data mining community, but they
might be lessimportant in object recognition. In partic-
ular, it requiresan increasednumber of nodes, but there
are ways to limit this, especially if misclassi cations are
possibleto detect. Secondly the tree is generally harder
to interpret by humans, but this is much lessof an issue
in this application.

Dynamic features One problem with decisiontrees,
and indexing algorithms in general, is that the number
of featuresis generally required to be static. Usually the
input to the learning systemis a set of N -tuples, for a
xed setof N features. In general,coming up with many
featuresisn't too hard, but indexing them is.

Se\eral options are available with decisiontreesto ex-
pand the list of features as the tree is descendedand

Feature B

Feature A

Figure 11: A trivial examplewherea multiple dimension
split is clearly optimal.

the dataset is divided. This allows for featuresthat are
only applicable onceother conditions have beenmet. For
example,you could imagine a questionthat measuredre-
lationships between polygonal faces. This feature could
be only asked at nodeswhereit had already beenestab-
lished that there were polygonal faces.

Another option is parameterised features, again, as
the tree is descended,the objects that are being split
are somehav closer, more work may needto be doneto
meaningfully split the data.

There appearsto be little work along these lines in
the literature, mainly becauseit is only an option in a
eld sud asobject recognition when there is moreto an
entry than its N features.

Multi-dimensional Splits A common failing with
decisiontrees is that they only split on one dimension,
often this simply isn't good enough(Figure 11). Again,
there are seweral reasonsthat multi dimensional splits
aren't widely usedin traditional decisiontrees. Firstly,
it hasgenerally beenthought to be computationally pro-
hibitiv e. The problem lies mainly in the choice of multi-
ple dimensions- there are too many combinations. Sec-
ondly, again the trees are of lessuseto domain experts,
since the multiple dimension splits are harder to inter-
pret.

As previously, the intuitiv e splits do not concernus so
much, but dicult vy still liesin the combinatorial prob-
lems. But this is a current area of researd, in [Cantu-
Paz, 2003 ewolutionary algorithms are usedto generate
so called oblique trees (i.e. not axis parallel). There are
many suc approadesthat could be applied, and room
for new approadesto this problem.

Traditional Mac hine Learning Impro vements
There are seeral techniquesthat can sometimesbe used
to improve the results of classi ers. Voting techniques,



where an ensenble of classi ers are built, such asBoost-
ing and Bagging often improve results. Also dierent
techniques of tree pruning can be useful. Howewer, it
is best not to apply these methods blindly, as shown in
[Bauer and Kohavi, 1999 can sometimesbe detrimen-
tal, especially if specialisationslike the above have been
applied.

6 Conclusion

A new object recognition system was built, capable of
promising recognition rates on a large challenging im-
age database. The performanceis easily sub-secondfor
recognition and training time very short, consideringthe
sizeof the database. Decisiontrees are shown to handle
the task of splitting up a large databasevery well. Sev-
eral avernues of researd have been considered,allowing
for utilisation of the rich data available in image data
within the structure of the decisiontree. Clearly, there
is much work that can be donein this area.
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