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ABSTRACT describes how elaborated attributes can be defined autaihati
Supervised learning of an ensemble of randomized treesis co for topologically structured data. o
sidered to recognize classes of events in topologicallyciired e On the other hand, the attributes that argriori known to
data (e.g. images or time series). We are primarily inteteat be relevant to the classification or detection problem éowéxl
classification problems that are characterized by severeige ~ in @ particular node get more chance to be selected to spit th
of the training samples. The main idea of our paper consists i Nhode than other attributes. During the tree growing proctbes
favoring the selection of attributes that are known to effitly knowledge is injected in nodes where only very few examples

discriminate the minority class in those nodes of the treedne ~ Of a given class are available. Thepriori knowledge basically
close to the leaves and where classes are represented bylla smadnforms the learning system about the relative efficiencythef
number of training examples. In practice, the knowledgeuabo attributes in discriminating the minority class from thehet

the ability of an attribute to discriminate the classesespnted in ~ classes. Section IV explains how this knowledge is fomally
a particular node is either provided by an expert or infelrased ~ represented, and how it may be provided by an expert or ederr
on a pre-analysis the entire initial training set. The ekpental ~ based on a pre-analysis of the entire initial training set. .
validation of our approach considers sign language and huma  The claim supported by our paper is that the complementarity
behavior recognition. It reveals that the proposed knogded  between these two mechanisms allows injecting a priori know

assisted tree induction mechanism efficiently compengatahe edge in the tree growing process, so as to reduce bias andvenpr
shortage of the training samples, and significantly impsotre classification accuracy. Section V supports our argumesgdan
tree classifier accuracy in such scenarios. experiments that are run on data samples composed of a taimpor
sequence of spatially organized elementary pieces. Inibteskt
I. OVERVIEW of experiments, the data samples correspond to a sequence of

Due to the proliferation of sensor and memory technologies hands positions and locations, and the purpose is to rexagni
in a wide variety of domains - from medical imaging to robstic  the signs from the Australian Sign Language. The secondfset o
and multimedia -, the acquisition and storage of topoldhica  simulations considers a video surveillance context. Thetidata
structured data have significantly grow over the past years. reflect the spatio-temporal displacements of a group of msma
By definition, topologically structured data are composdd o and the objective is to trigger an alarm upon detection ofesom
measures of similar nature related to each other by a spatio-particular behavior of interest (intrusion in a forbidderea fight,
temporal neighborhood relation. Examples are images oe tim meeting, etc.). Section VI concludes our paper.

series. In this context, our work considers supervisedniegr Il. ENSEMBLE OF RANDOMIZED TREES
to build an ensemble of semi-randomized decision trees to ) .
recognize potentially rare classes among some data setiSEnef Our system uses the classical top-down procedure to build

classification trees for shape recognition or temporal dagdysis ~ Unpruned decision trees [6] from the learning samples. badke

has been shown to achieve competitive classification octiete ~ Of the tree can be seen as a weak classifier that organizes the

accuracy in many fields[1][2][3][4]. Section Il briefly remivs the input samples into two branches, based on an attribute and a

reference tree induction mechanism considered in our study ~ Cut-point parameter. Given a set of labelled samples in @ tre
Our work differentiates from earlier research by the faetth node, the growing process selects the attribute and thpaint-

it focuses on classification problems that are characttrigea in a vast database so as to provide a significant entropy gain,
severe scarcity of the learning samples. This is for exartipge i.e. so as to reduce the impurity of the output variable witihie
case in a videosurveillance context, where only a few ocmee  local learning subset [7]. Once the entire tree has beenrgraw

of the events of interests (intrusion in a forbidden aresesgjon, ~ Sample to classify simply falls from the root to one of thevies
theft, etc.) are available to learn the classifier. The ldfdkasning and receives the label of the dominating class among theirigai

samples is known to dramatically impair the performancehef t ~Samples that reached that leaf during the learning phase.
classifier[5]. In our work, we propose to inject some externa Similar to numerous previous works, randomization methods
knowledge into the tree growing process to compensate for th are considered to improve the tree decision accuracy. These
shortage of training examples. For this purpose, we intedwo methods explicitely randomizes the tree growing algoritiamd
original and complementary mechanisms. perform multiple runs of the growing process, so as to preduc

e On the one hand, the set of attributes envisioned to split an ensemble of more or less diversified tree models, whose
a tree-node is augmented, so as to define elaborated, flgfera predictions are aggregated by a simple majority vote. In our
semantically meaningful, concepts. This is done in two step case, we follow the ExtraTree methodology [7], meaning that
First, pre-processing of the input data samples is cormilley we select both the attributes and the cut-points partiatly a
define augmented features. For example, when the classificat random, but exploit the entire training set to grow evenyiittlial
problem deals with objects displacements, we promote tike us tree. This contrasts with bagging approaches, which inted
of velocity and acceleration features, next to the initibjeat randomization based on subsampling of the input trainirtg.da
position feature. Second, the attributes are defined tactenize In our case, we do not want to grow the tree models based
the distribution of the augmented features in a window 8fidi  on a subset of the training samples because we are interested
over the data according to their underlying topology. Sectil in scenarios for which the training set is already quite émal



Further subsampling would thus dramatically impact the ehod
accuracy. In the ExtraTree paradigm, attributes and cintpo
are then selected at random until finding a split that ackieare
entropy gain higher than a pre-defined threshold.

1. DEFINITION AND SELECTION OF ATTRIBUTES
FOR THE CLASSIFICATION OF TOPOLOGICALLY
STRUCTURED DATA

In this section, we propose to pre-process the raw inputtdata
generate so-calledugmented attributethat are suited to express
semantically meaningful concepts about topologicallyctired
data. We then explain how randomization is implemented effi-
ciently in that particular case.

Previous works have already considered decision treeass cl
sify topologically structured data. In particular, the semt and
combine approach presented in [1] recommends to (i) randoml
segment the structured data into pieces, (ii) learn a mediating
pieces to data classes, and (iii) infer object classificabased
on the prediction made for its pieces. The approach is etegan
and generic. However, infering accurate models from random
segments of raw training datas implies sufficiently deep tre
models, which in turns requires a large amount of training
samples. In our case, as we are interested in scenarios foh wh
only a small number of training examples are available (astle

for some of the classes), we recommend to pre-process the raw -.

input data samples so as to create attributes that moretigdirec
discriminate the relevant substructures hidden in the.data

In general, each topologically structured data sampleeeorr
sponds to a set of spatio-temporally organized elementh) ea
element being a potentially multi-agent and multi-dimensi

vector. By multi-agent, we mean that a data element might be 13:

defined by multiple feature vectors, corresponding to it
agents or entities involved in the event to recognize. Bytimul
dimensional, we mean that each agent might be charactdrized
several features, e.g. its size, position, colour, etc.

process is similar tothe random subspace algorithm intrediu
in [8]. It is detailed by Algorithm 1. The selection of theréttite

a defines both the kind of attributé/(3), and the investigated
property (average, variance, histogram). The attributarpaters
{6} define both the decision cut-point, and the intrinsic param-
eters of the attribute (e.g. the histogram range). Togetther
featuref, the attributez and the parametef®; } define a possible
split in a node.N;, N2 and N3 define the maximum number of
loops at different step of the learning process. They areseamo
heuristically, to trade-off randomization and computatiime.
The information gain IG is defined as in [7]. It ranges between
0 and 1, and the level of randomization carried by the geadrat
tree model is proportional to the threshdlig, .

Algorithm 1 Training a node

Input a training setS
Output a node labelled by a specific test, the split of the training
set into two parts.
1: n1 = ng = ng = Score = MaxScore =0
2: while Score < Sin, & n1 < Ny do
Select the featurd, and the attribute: randomly
while Score < Sin, & na < N2 do
Choose the window size randomly;
while Score < Sin & ng < N3 do
Choose the attribute parametdig } randomly;

3
4:
5
6

8: Score — IG(f,a,w,{0:});
9: if Score > MaxScore then
10: MaxScore = Score;
11 § [f7a7w7{9i}];
12: end if
ng «<—mng+1
14: end while
15: No «—mng+1
16: end while
170 ni1+<—ni1+1

To generate the augmented attributes associated to suah dat 18: end while

we first derive a set ofaugmented featurefor each of the
components of the multi-dimensional input vector. In oupeax
iments, the augmented features include each of the inpubvec
components, together with the first and second derivatithaxe

components (along the time). When a data element is defined by

several agents, the difference between the componentscbf ea

pair of agents is computed, component by component, ancddadde

to the set of augmented features, along with its derivatives

For a given augmented featufe the augmented attributes are
then defined based on a window sliding over the topologically
structure data. Two kinds of attributes are then considerexlir

19: Split the node according te

IV. KNOWLEDGE REPRESENTATION, ACQUISITION,
AND EXPLOITATION

Classification models are generally difficult to infer when
few training samples are available compared to the problem
dimension. To circumvent the problem, this section propdse
guide the tree induction mechanism by encouraging the tiahec
of split decisions that are a priori known to be particulagievant

work. The first kind checks whether some pre-defined property regarding the classification task. To implement our idea, gét

is valid for all possible positions of the sliding window. &h
second checks whether a property is valid for at least ondawn
position. Equivalently, when multiple agents are involiedhe
problem, the attribute defines whether the property is valid
all or at least one of the (pairs of) agents. The set of pragert

of possible splits is divided into non-overlapping subsetsed
on their involved feature and property. A probability distrition
vector (PDV) is then defined over the partition to skew the
random selection performed by step 2 of Algorithm 1. Theueat
and properties that ar@ priori known to be more relevant have

to consider could a priori depend on some knowledge one hasmore chance to be selected. The main question is then: how can

about the classification problem at hand. In our experimems
however limited the choice to three simple and generic ptase
that characterize the histogram of the featyirever the sliding
window w. They check whether either the number of values

contained in a given range, or the average, or the variance of

f overw lies below some threshold.

we learn and exploit appropriate PDVs ?

As the PDV basically tells how to look at the data to classify i
a node, it should depend on the data at hand, i.e. on the hgarni
samples that have reached the node of interest. For thisrreas
we propose to compute the PDV based on the number of samples
of each class in the node. The method reliegenerative PDVs

During the learning process, each node randomly selects awhich define how to skew the random selection of feature and

feature f and one of the above attributes. The information gain
provided on the local learning subset by the selected at&is
then estimated, for a set of randomly chosen attribute petens
The operation is repeated until the split reach enough iméion
gain, or until a pre-defined number of iterations is perfatnine

attribute when a single class is significantly less represkthan
one or multiple other classes in a node.

The generative PDVs associated to claswe selected auto-
matically within a pre-defined sé® of candidate PDVs, based
on a X-Fold cross-validation procedure. In practice, theBe



is defined either randomly or based on the user feedback (see Table |. Accurac

Section V-A). It typically contains the reference unifornDVR
together with some additional vectors that hopefully fatioe
selection of attributes that efficiently discriminate elas

For example, imagine we are interested in the generative PDV
P, to use in a node where few elements of classe compared
to a significant number of elements of all other classes. Etagh
of the cross-validation can then be described as follows:

1. Divide the learning set (LS) into a Learning-LS (LLS) and a
Test-LS (TLS), so that LLS contains significantly less elatae
of classi than elements from other classes.

2. For eactp in P:

2.1. Build an ensemble of trees from LLS, usipdo randomly
select the feature and attribute in a node.

2.2. Compute the classification error for the ensemble d@stre
over TLS.

2.3. Add this classification error to the sum of errors coragut
during previous cross-validation steps associateg. to

The PDV that minimizes the sum of classification errors when
all steps of cross-validation are exhausted is selectecetthé
generative PDV for class One could obviously generalize the
procedure to select a PDY, ; for nodes where class faces
elements of clasg. '

Given the generative PDVs for all (pairs of) classes, we now
explain how to compute the PDW to consider in a node
characterized byN; samples of clasg. We first observe that
when numerous learning samples are available for all cdaisse
the node, generic randomization of the tree induction E®ce
works fine. For this reasorg has to be defined to ensure that
the split decision in a node is only skewed when the number
of learning samples of at least one class is small in the hode.
More specifically, the knowledge carried by the generatizy/®
should only support classification in nodes where few |egyni
samples are available for some classes, and the bias in#ddu
by p should guide the classifier in discriminating these rarest
classes. For this reason, we propose to compubased on the
generative PDV of the rarest class in the node. Letfindgenote
the index of the rarest class, we have:

N —1 _ 1
. a+ . 1)
wheren denotes the uniform PDV. Similar definitions can be
imagined when the generative PDVs for a clasare defined
with respect to a specific clags In that case, the generative
PDV p, ; guiding the discrimination between the rarest class

and the dominating class of the node is selected.

The method followed to define the PDV in a node results
from intuitive arguments and rough heuristics. The proceds
definitely open to discussion and most probably to significan
optimization. It needs to be further investigated in futtegearch,
but has the merit to support the proof-of-concept expertsien
presented in Section V.

V. PRELIMINARY RESULTS

We tested our system on two applications, which both involve
two agents :
e Sign language interpretation. Auslan is the language of the
deaf australian community. The signs were recorded using in
strumented gloves, providing 22 measurements correspgridi
hand and finger positions and orientations, sampled at 108Hz
total of 2565 signs divided in 95 classes were collected[3].
e Events recognition in a videosurveillance context. The

Pr

1These nodes are often close to the leaves of the tree, as tthieenu
of samples exponentially decrease with the depth of the motiee tree.

with 3 training samples for each class

Wout knowledge | W knowledge
error 16 £5 % 11£3%
% error related
to signboy 68 5 % 20+5 %

event fighting and pocket-picking classes are recognized based
on the trajectories followed by two people on the ground @lan

Our experiments primarily investigate the benefit obtained
from knowledge-assisted induction of ensemble tree modiels
all experiments, 100 trees have been generated. We alsp et u
score thresholds;, to 0.1, and theN;, N» and N3 parameters
were set to 20, 30 and 50, respectively.

As a preliminary observation, our experiments have redeale
that a class with less training samples also results in ledkdted
leaves in each tree. The bias increases whenStheparameter
decreases, i.e. when the randomization increases. To camee
for the classification bias caused by the shortage of reptathee
leaves for the those classes, we consider to adapt the atesisi
process by increasing the weight of the votes associateteto t
trees that classify a sample in a minority class. This metisod
called "voting privilege”, and is further discussed below.

V-A. Australian sign language recognition

In this section, we consider the recognition of the first 10
signs of the Australian sign language, as indexed in [3]. The
classification accuracy is estimated based on a ten-foldsero
validation in all experiments.

In a first experiment, we have implemented conventional ran-
domized tree induction mechanisms, with all candidateufest
and attribute properties having the same probability todbecsed.

The learning set is composed of 14 signs of each class. The
system achieved a 99.3% accuracy, which competes with gte be
results refered in previous literature [3], [9]. It demaasts the
efficiency of ensemble of randomized trees with our propcstd

of augmented features for topologically structured datayeis.

In a second experiment we decreased the number of training
samples of every class to 3. At first, all features and atteiou
had equal chance of being picked in each node. Table | reveals
that the classification accuracy severely degrades due €o th
shortage of learning samples. Moreover, we observe thatigime
boy is involved in 68% percent of the misclassified samples.
A deeper analysis of the errors shows that confusions mainly
appear between the sigroy and one of the following classes:
alive, all, change mindandcome To validate our intuition that
introducing a bias in the selection of the node attributeg hedp
in discriminating classes, we decided to define PDVs mayuall
based on visual comparison of examples of the dbagswith one
of the other classes. The purpose is to identify which festand
which attribute property are relevant to discriminate tigm $oy
from each of the other classes. For instance, the lstyrand the
sign come appear to be quite similar, but sigrmoy is moving
mainly horizontally whilst the sigrcome moves vertically. It
could thus be beneficial to advantage the x and y positionef th
hand when selecting the feature in the second line of Algorit.

In our experiment, we have defined the PDV emperically, by
giving a 10 times higher probability to the features that ever
considered to be relevant based on visual comparison of the
different pairs of classes. Afterwards, knowledge-asdistree
models were build as described by Equation (1) for the case
where the generative PDVB, ; consider nodes where clags
faces elements of clags Restilts are provided in Table I.

In a third experiment, the system is trained based on 3 trgini
samples for the sigmoy and 14 samples for all other classes.
The same PDV than the one used in the second experiment
is considered to push a priori knowledge in the tree growing



Table I1. 3 learning samples for the sidroy, and 14 samples
for all other classes.

Table I11. Accuracy with 3 training samples for evelfight

process. We compared the accuracy of the classifiers cotedru
with and without knowledge (K), i.e. with skewed and uniform
PDVs. We also implemented the voting privilege (VP) prihejp
by empirically giving a 3 times higher weight to trees that
are voting for the sigrboy. Results are provided in Table II.
We observe that the voting privilege significantly improibe
classifier performance. We also observe that a non-unifddv P
is capable to improve the classifier accuracy, which is alreové
quite promising result. It reveals an unexpected asseeefliased
classifiers when dealing with problems that are charaetérizy

a small number of training examples. In particular, it sigige
that the accuracy of such classifier can be significantly avga

by driving the selection of the node attributes based on some
external knowledge. In turns, these results also raise ébaum
of appealing questions for future research, such as thdiqoss
related to the selection of appropriate and optimal PDVsaiche
node. The question is partially explored in the next section

V-B. Event recognition based on human trajectories

Most of the events occuring in a videosurveillance context
involve a relation between a human and an object, or between
humans together. Human trajectories then constitute thie ma
information that enable to distinguish the events. In otdeget
these trajectories, a segmentation and a tracking procesbe
implemented. In our case, to generate a large number of sampl
for cross-validation purposes, a matlab program has begtemr
to emulate people trajectories for the three events of ester
mentioned above. The code together with a brief explanation
of the asssumptions underlying the random process gengrati
people trajectories is available in [10].

The variables used to describe the events are the X and Y
absolute position, the magnitude of the first and secondatere
(speed and acceleration), the angle with the X-axis andrgs fi
derivative, the distance and the speed difference betweepair
of humans. We first obtained 96% accuracy by training theesyst
with 100 learning samples and testing it on 1000 samples. In a
second experiment, we decreased the number of samples to 6 fo
the eventfight, and tried to compensate for the reduced number
of training examples based on the use of a PBY,x: in nodes
where the clasfight is porrly represented. Voting privilege (VP)
has also been considered, by giving a 3 times higher weight
to trees that are voting for the clasight To define the PDV
pright We have defined a set of candidate PDVs, and followed
the procedure described in Algorithm IV to select the ond tha
is expected to best cope with the lackfight training examples.

In particular, in each step of the cross-validation proaefed

by Algorithm 1V, the LLS set has been chosen to include five
examples ofight and all available examples of other classes. The
classification error of step 2.2 is here computed for thelsing
remaining element of the clagght In practice, the error has
been defined to measure the percentage of trees in the ersembl
that do not classify the remaining element within fight class.

We observe that the candidate PDV that achieves the smallest [9] A. Naftel and S. Khalid,

error, and thus definegyign:, is non-uniform and causes less
than 32% of errors (instead 060% with the uniform PDV).
More interestingly, Table Il provides the classisficataeturacy
obtained when learning tree models based on the uniform and
pright PDV, respectively. We observe that both the overall and

Overall accuracy| Accuracy for evenfight
Overall accuracy] Accuracy for signboy Wout K & Wout Vp 80.5 % 41.5 %
Wout K & Wout yp 90 % 5% Wi K & Weut vp 84 % 52 %
wout K & Wth vp 95.5 % 65 % wout K & Wth vp 91 % 73 %
Wi K & Wout VP 94 % 55 % WK & W VP 94 % 82 %
Wi K& Wtk vp 97.5 % 85 %

fight accuracy significantly increase when the knowledge carried
by the selecteghy;,,: PDV is exploited during the tree growing
process. We conclude that appropriate PDVs can be selected
automatically, which dramatically increases the pratticse of

our knowledge-asssisted tree induction process.

VI. CONCLUSION AND PERSPECTIVE

Our work considers supervised learning of tree classifiers f
topologically structured data, and demonstrates thatpbssible
to improve the classification performance of an ensembleceft
based on knolwledge-assisted induction methods.

In a first scenario, the user has the capacity to (dis)adganta
the split decision rules that (s)he considers (ir)relevand our
simulations demonstrate that such intrusion of an expethén
tree growing process potentially increases the accuracthef
system when few training examples are available, or eqeriniyl
permits to reduce the number of training samples needechthre
a given level of accuracy.

In a second scenario, we have demonstrated that the knasvledg
about the attribute relevance can be estimated autonigtizded
on a pre-analysis of the initial training set, without theeddor
an external expert. This result is important because it ®@en
novel and original path of research by raising unsolved tipres
related to the optimality of the procedure considered tauaieq
and inject of knowledge in the tree growing process.
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