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2 Executive Summary

In this document we will outline proposed methods addressing audio analysis and multimodal analysis
(audicbased multimodal analysigpplied to automatic surveillance. Thiscondreport is only focused on
audio analysis and describes the different techmiptibns we have followedrhis report follows the first
ver si on D4 2epdrtion dudialfeafures extsadtion and multimodal activity mode(ling1[3].0
This report includes new results and developments achieved during the second year. Addressed issues are the
following:

1 Enhaacement of our topibased unsupervised audio analysis which led to a patent submission,

1 New studies dedicated to new audio data acquisition have been carried out. in Torino on July 2011,

1 New studies dedicated to multi modal analysis and more precisgigup behaviour analysis.

All these issueand new resultare fully presented in the present report.
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3 Introduction

In this document we will outline proposed methods addressing audio analysis and multimodal analysis
(audicbased multimodal analysigpplied to automatic surveillance. Thiscondreport is only focused on

audio analysis and describes the different techmiptibns we have followedrhis report follows the first

ver si on D4 gpottontalde featuies éxtrastipn and multimodal activity modglling][1)]. 0

Some algorithmic developmentdhbeen carried out duringefirst year of the project. The main technical
options wehad decided to followwere based on unsupervised learning. In order not to dedicate our audio
survéllance system to specific abnormal audio eventshadpreferred to drive our training steps by normal
ambience modelling. A GMMbased solution (Gaussian Mixture Modeljleen adapted to this aim, and a
OneClass SVMbased solution (Support Vector Maah) hal been studied and evaluated. Finally, and
based on promising video surveillance studies, a PLSA (Probabilistic Latent Semantic Ahalysis)
content analysis systemdalsobeeninvestigatedDuring ths second yeathe main research activitidsave
thusbeen mainly focused on the enhancemewinefof the previous one:

1 Enhancement of our toplmased unsupervised audio analysgigch led to a patent submission

In addition, diring the first year, others studibad beerdedicated to the develont of an evaluation
framework. For algorithmic evaluation purpose, we baudied and implemented a generic framework for
performance evaluation using audio signals recorded in test sites (Metro of Torino) and also audio signals
extracted from professiahdatabase®uring the second part of the second year, important studies dedicated

to new audio data acquisition hatreus been carried out. This work has been motivated by the real data
acquisition session we had in Torioo July 2011. Because of the very bad quality of the audio signals
available in the station, some advanced audio enhancement algorithms have been investigated and adapted tc
the real Torino audio environmerithese studieswere alsadedicated to thenhancermant of our evaluation
framework

Last, we also began studies dedicated to multi modal analysis. We developed a first version of Voice
Activity Detector (VAD) which will be used, jointly with video analysis, to enhance group behaviour
analysis.

All theseissues and new results are fully presented in the present report.
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4 Audio analysis based on PLSA

The following chapter is the result of the second year activities onlvagied audio analysis studies. Some
specific algorithms have been already developed during the first year. For them, we just present here the
resultsand conclusionsbtained witithe new audio material (paragragh).

Some new results related to unsupervised tbpged audio segmentation algorithm will be presented. These
studies may be view as the enhancement of studies began during the first year.

For reader corenience, some theoretical justifications and demonstrations have besgdrérom the first
version[1].

4.1 Audio data base presentation

The data set encompasses audio signals collected in Torino XlII Dicembre metrofsiati@d” of January
2011 to ¥ of February 2011.fis acquisition session was dométh the first setting upof the audio
acquisition chairfNovember 2010)Audio datahave been collected from all 7 microphorigscause of the
noise level due to electrical perturbatiossd abnormal behaviours of audio amplifiers/converterdy

microphones located on the platform are usable. Finally,woerked with 154 audio files fromone

microphone (located in the middle of the platform). Each of them lasts for 0.5(heéFablel).

1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1
1
1
1
1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1
1 1
1
1
1

Tablel: Audio signals description

Due to the bad quality of the audio signals (refepdcagraptbfor explanation), we had to apply low pass
filtering to decrease higliequencycomponentsA 40 taps linear phase FIR filter has been designethior
purpose igurel andFigure?2).
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Low Pass fiter: Magnitude Response (dB)
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Figurel: Low Pass filter
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Figure2 : Low Pass data base filtered

4.2 Acoustic features extraction

The first stepis to extract from raw audio signal acoustic features. Audio features within this study are
classical:

91 Linearfrequency sutband energie.FSBE),

1 Mel frequency suiband energie§MIFSBE),

9 LinearFrequencyCepstralCoefficients (LFCC),

1 Mel FrequencyCepstralCoefficients(MFCC).
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Due toour final goal, we need to give equivalent weight to each frequency compgrmefriequency area
must be enhanced) That 6 s t h eursteliadsae beennalchjeved Wwith LFSBHE order not to
provide too much detailed frequency representations which can disturbbasgd analysis, we reduce to 8
the number of lineasubbands. This is motivated by the initial purpose of topic modelling. This tool intends
to model event coccurrencesin order to reinforcevent similaritiesywe do not refindoo muchfrequency
analysisThe features are extracted with a 5Hammingwindows with 50% overlap.

In order b minimizebiased analysis of audio signals (high energy in lower frequencies related to ambiance
and low energy in higher frequency related to evamluseweighted spectrums in order to reinforce the so
call ¢é@ Ppatrit of signal 6, whi ch DbverlapyTheappoach aidpigiees c e  a
a more perceptive evaluation efent to ambiance ratio (sparagraplb for explanation)We applylTU-

R468band pass filterHigure3).
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Figure3: ITU-R468 Band Pass filteblack bold curve).

4.3 Probabilistic latent semantic analysis

The Probabilistic Latent Semantic Analysis mofgl (PLSA) was initially proposed by Hofmann as a
probabilistic formulation of the linear algebbased Latent Semantic Analysis (LSA) analydg This

method suggests a new wief the concept of topics in text collection analysis (document analysis). The
targeted goal is to decompose a document into a mixture of latent aspects (hidden aspects, hidden random
variable or not observed random variable)irtkd by a multinomial distribution over the words of the
vocabulary. Given a set of words and a PLSA model, one can generate documents as a mixture of the
probability of observing a word given an aspect and the probability of observing an aspect givementlo

Documents are considered as a discrete random vakaBléd ‘QFE FQ , where( is the number of
documents. Words are represented by another discrete random variable 0 FE R0, whereD is

the number of words. PLSA model is atistical model that enables connections between a latent variable
@ N afE M whereis the number of latent topics with the occurrence (i.e. the number of
occurrence of a word in a document) of word in a document. PLSA model is then defiaauidsire
characterising a joint probability model over documents and words
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Under PLSA assumptions, the occurrence of a word independent of the document undensideration
‘Q given a topi¢ . The model define ifq. 1 is based on the following probabiis:

1 The probability of documer®: 0 Q ,

The probability of observing the wotd given the topigx : 0 0 <t

The probability of observinghe topic & given a documenQ: 0 ¢ Q (document specific
conditional probability),

= =

The PLSA model defines the conditional probability of a word in a docuthent’Q as the mixture of
topic specific word distributidnd 0 S . The weidts of this mixture are given by the distributions of
topics in the documerit & 'Q . The PLSA model is shown Figure4.

@ @,

n

N

Figure4 : PLSA Model with0 the number of documents addQ the number of elements in the
docunentQ

The parameters of the PLSA model are calculated using the maximum likelihood principle. Given a set of
training documen® |, the loglikelihood of the model parameteris given by

0 00 ¢ 0 R 1 T0Q K

Eq.2

The optimization oEq. 2 is done using ExpectatieMaximisation (EM) algorithni2] [4] over the training
setO . As aresult of this training phase, the topic distributiong gx related téO are estimated.
Optimizing the PLSA model means determinitiig topics which are common to each document of the
training set and the mixte coefficients which specific to each document. The goal is estimate the PLSA
model that provides high probability to the vocabulary words appears in the training corpus.

The goal of test phase is to calculate the weight§& 'Q of the traired topic for a test documeft  or
0 a0 for a set of test documen@ . As proposed ifi2], this is done byunning EM keeping the

trained topic distribution® 0 < fixed and maximising the likelihood of the words in the test document
Q-

RARY) 0 a£Qi0%w 04
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Eq.3

The previous maximisation is equivalent to minimizing the Kullbaebler divergence between the
measured empirical distributions7 hO and the trained PLSA model.

This model has been initially proposed for document analysis and then frusiflalpted to image and video
analysis[5], [6], [7], [8] (c | assi fi cati on, indexati on, retrieval
audio document analysis. There are only few studies and mainly dedicated to music fjay€is [11],

[12], [13] (analysis, classificatip indexation and recommendation).

The goal of our study is to apply this statistical framework to audio analysis and more precisely to audio
surveillance applications.

4.4 Audio PLSA model formulation

PLSA models can be applied to discover the latepitsoinaudio documents. These models are based on a

Bag of Words (BoW) representation obtained thank to unsupervised clustering. BoW representatioh does

take temporal information into account (time ordering of BowW elements). BoW is only based on a set of well
adapted elements representing a data set. Bag of audio words (BoAW) are classically estimated as the cluster
centroids coming from unsupervised clustering.

Suppose we have a set of audio documédts O QFE AQ with audio words from audio wabulary

O N® U FER . We can describe the audio documents by the BoW representatidns i co-
occurrence matrix witlg ¢ 0 HQ , where¢ 0 KQ gives how often the audio wona occurs in an

audio documen® . The PLSA model isbtainedas follow

1. Select an audio docume@t with probability 0 Q

2. Pick a latent topié& with probability 0 ¢ Q ,
3. Generate and audio wobd with probability 0 0 <t , where

Eq.4

The joint probabilityd 0 AQ between an audio word and audio document is defined by

DO 0Q00 Q DU 0aQ

Eq.6

whered 'Q & is the probability of an audio documé@t in a topica , and0 & is the probability of
latent topicd . The likelihood is the folloing:
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EM algorithm is used to compute optimal parameters. Feegis given by

. 0 DO 0Qa
D aY M T —
B Dag LU LQQ
Eq.8
and the Mstep is given by
., B B :0MRIGY M
(Vo —
i B B ¢o0hQ
Eq.9
B ¢0h0aw i
LU X A
B B ¢0MKuao
Eq.10
B t0MRIaYD K
U Qa

B B t0M 0aovhQ
Eq.11

Applying Bayes rules t&q. 11, one can obtain the comidinal probability of observing a topit given a
documeniQ (posterior probability of a document to a topic)

0 &
VoK B 0

0Qa
Qa 0

Eqg.12

At training time, PLSA model is optimised untibnverg@ce (maximum number of iteration or/and with
stopping criterion based on Kigelihood). Eq.8, Eq.9, Eq.10andEg. 11 are updated.

At test time, EM maximisation algorithm runs until convergg(maximum number of iteration or/and with
stopping criterion based on kigelihood). Only Eq. 8 and Eq. 11 are updated because the trained topic
distributions® 0 1 are kept fixed after training phase.

Finally after both of these two pé@s, PLSA provides for further analysis the following results

§ Trained topic to word distributiond 0 <t (PLSA model),
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I Posterior probability of a test document to a trained tapia 0 or to a set of trained topic
LU

1 Log-likelihood of words in a test documentw Q8

Depending on the targeted analysis, one may choose among these results the relevant ones. In the case o
classification or training set analysis, posterior probability of a document to a)tgpg or to a set of

trained topicd ¢¥Q may bejointly usedwith a classifier such as SVM or GMbhased classifier
(supervised or not depending of the targeted task). When abnormal document detection is the targeted task
algorithm may bédased on the Iolikelihood of words in a documebt w Q tracking.

4.5 Bag of audio Words (BoAW)

The BoW approach, initially used in text classification and retrigl4| suggests text data pr@sing as a

global distribution analysis of words occurrenceshuitt preserving their organisation in sentences (i.e.
temporal organisation of words in sentences/paragraphs). Based on the same principles, similarsextension
havebeen proposed in image pessing (Bag of Visual Terms or Visterms) and also in audio processing
(Bag of Audio words). An image or an audio signal may be analysed thanks to long term distribution of
representative and wethosen words. PLSA analysis provides an estimation ofdhis term distributions.

The way, in which the words occur, characterises an image or an audio signal/document. Interestingly, this
approach has been fruitfully adapted for image and music classification and recommendation/[@tfigval

[13].

As previously mentioned one of the main issues of PLSA analysis is the elaboration of the set of words on
which topics and PLSA model will be estimated. The first igsue extract from raw audio signal acoustic
featuresAs explained in chaptet.2, 8 LSFBE are usefbr further processing.

Then thanks to these features, relevant words will be estimated in order to capture the data topology in
feature space (acoustic space). The main issue is to come out with a robust method able to provide such
audio words with goodcoustic space coverage properties. This problem has been widely addressed using
data clustering methods which aims to discover groups or clusters in data or to group similar data together.
One of the most used algorithms is thani€ans algorithm. This gbrithm is fully unsupervisebtut does

require, in its regular implementation, to know the optimal number of ctusteneans algorithm suffers

from well-known drawbacks that have been extensively reported in literature. One can mention initial
conditionssensitivity and original data distribution sensitivity. Low occurrence of specific object in a dataset
doesnoét contri but e t-mmeans ivas anitiallycdevelspedets moded data distributiene K
Topology properties of a data set are notlwalintained after clustering. We have studied for the project
purposes several -Kheans algorithms adaptations in order to refine the set of audio words tackling these
problems. This adaptation gives better tools to extract from an audio feature see{dataaining data set)

a welladapted audio word set, on which PLSA models will be estimated.

Another problem may be mentioned at this stage. The audio wordscaaorence estimation is classically

done with the distance between audio features vectmtlasters centroids. When outliers appear (audio
features far from the trained clusters/centroids), it is difficult to evaluate this distamaeams algorithm

always provides a nearest centroid but how far is the outlier from the clusters set? blammppears

when an audio features vector is out of vocabulary. Another open issue is related to the quantized
representation obtained after clustering. An audio features vector is always represented with the nearest
centroid but a better representatioaynibe exhibited with a weighted mixture of several nearest neighbours.
These specific issues have been also studied.
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4.5.1 Audio words seproperties

As already explained ifl], less than 15% of audio material differs from ambiance station or regular station
noise. One can easily understand that this audio event coverage rate will be similar after unsupervised
clustering. Anchor points in this acoustic space will be mainly relaettie high audio feature vectors
density driven by ambiance station. We have to constrain the clustering algorithm not to forget audio words
representing events with low occurrence. An unfeasible way to reach this goal is to quantize the acoustic
space inuniform regions. This way implies an exhaustive search on very large set of clusters-usegell

audio feature dimension is close to 20. Quantizing each acoustic space dimensiomniform subsets

leads to¢ T clustercandiates Even using powerfuand up to date simulation tools, thisoplem is not
tractable. The way we chose is to statically analyse in the acoustic space audio features distances. The goal
of this analyss is to estimate sufficient cluster volume to minimize the cluster number timel constraint of

original data set topology maintaining.

4 5.2 Cluster volume estimation

The main issue ahis processing phase is to estimate using the same metric used by clustering algorithm the
distance distributions between inter audio feature vefitansescoming from the train data set. Exhaustive
presentation of cluster volume estimation has alréagydone in the first version of this deliveralpig.

A set of audio featuré@~ "O "OfE RQ has been extracted.&\vant to analyse distances distributions of

a set audio frames delayed @~ 'O 'Q FE FQ . For a given couple of audio frames delayed by a fixed
delay, a way testimate pairwise distances is to build a distance matrix suchkiaslaity matrix and then
re-iterate this matrix estimation ith several couples of framedn order to estimate a parameter
characterising a cluster volume, we calculate for each distance matrix a corresponding diameter/radius by
extracting the maximuraf distancesgqg. 13).

i QR i LA @D "OhQ
Eq.13: Radius estimation

witht & 0 'Q,Q~ ‘Oandwhere

0 "0hQ g M "Q Q

Eq.14

Finally a set of radius valu® 1 Qfp FER QR with"Q pFE RO, is built from the data set. Within a
first analysis, distributions of radius have been estimated with histogram.

Severalradius distributions have been estimated on the audio sigelnging to the used audio data base

The following figure (Figure5) preserd radius distributions estimation results for delay less than 1 second
The first mode with delay less tharB@econd is the most interesting one for clustering purpose. It indicates
that, statically, most of radius values occur within this delay. Thisgmar radius and the corresponding
maxmum delay characterise the optimal cluster radius to be used in constrained radius clustering. In the
acoustic space most significant local distribution maxima are from each other two times this radius apart.
This radus characterises an optimal quantization of this sgameall further algorithm descriptions and
examples, radius values belong pdfwst with a preferred value of 2.0.
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Inter Frame Crstance/Matnic pdf estimation

15000
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Frame distance in's
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Distance/Metric

Figure5 : Radius distribution evaluated on the dateebas

As previously described ifil], a second approach has been implemented using GMM to model radius
distributions with 3 Gaussians for each delay. Mixture coefficients optimisation has been achie\Ed with
algorithm. The models for delay less tH&isecond are plotted iRigure6. GMM model distances are then
evaluated. We used Bhattacharyya distance for GMM models difference evaluation with some constraints.
Only selected pairwise Gaussians (closest Gaussians maadspnly significant @ussians (mixture
coefficient threshold) are used for distance estimation. Results of this analysis are ddfigunétih. A first
modemay be estimated thanks to these results by adapted threshold but in a first view thenmesdt so

trivial. This automatic estimation needs to be improved with further analysadysis of these two figures
confirms that most of radius values ocauthin a delay of 0.3 second. This delay is covered by radius
belonging to p®fw8t .

‘GMA model: DistanceMetrc p

Distance/Metrc Frams dstanca s

Figure6 : GMM-based Radius distribution evaluated on the data base
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Figure7 : GMM-based Radius distributionodels distances
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4.5.3 Constrained radius unsupervised clustering

Our algorithm is based on-Keans algorithm. One of the most popular heuristics for solving imedhs

problem is based on a simple iterative scheme for finding a locally optimal soluiemaive kmeans
algorithm partitions the data set intoclusters such that all data in a given subset belong to the same centre.
Also the data in a given subset are closer to that centre than to any other centre. The algorithm keeps track of
the centrails of the clusters, and proceeds in simple iterations. The initial partitioning is randomly generated.

In each iteration step, a nhew set of centroids is generated using the existing set of centroids following two
very simple steps. Let us denote the setesftroids after theé"jiteration by 8 G o . The following
operations are performed in the steps:

1. Partition the data based on thentroidso : find the centroids to which each of the data in the
dataset belongs. The points are partiéibrbased on the Euclidealistance from the centroids.
(Nearest Neighbour Classification)

2. Set new centroids defininy  to be the mean of all the data that are closest to centroids belonging
to the set of centroids .This is achieved with the classification described in step 1.

The algorithm is said to have converged when nev
partitioning. The algorithm has convergetiend  andd are identical. In tl§ case, there are no data
distant to more thaane cluster centroids. Each data have been assigned to one cluster.

Distortion is the most widely accepted measure as convergence critariaais algorithm is designed to
optimize distortion. Placing the dter centre at the mean of all the points minimizes the distortion for the
points in the cluster. Also when another cluster centre is closer to a point than its current cluster centre,
moving the cluster from its current cluster to the other can reduchstiogtion further. The above two steps

are pecisely the steps done by therleans cluster. Thustkeans reduces distortion in every step locally.

The K-Means algorithm finds a solution that is locally optimal for the distortion function. Hence, al natura
choice as a convergence criterion is distortion. Clustering error is the sum of squared Euclidian distances
from each date> ¥ &0 @M ho to the centroids of the cluster they beldng
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0 ,3 0 10
U

Eqg.15: K-means distortion

In spite of its simplicity, Kmeans often converges to local optima. The quality of the solution obtained
depends heavily on the initial set of centroids, which is the onlydeterminisic step in the algorithm. Note

that although the starting centres can be selected arbitranihgd€s is fully deterministic, given the starting
centres. A bad choice of initial centres can have a great impact on both performance and distortion. Also a
good choice of initial centroids would reduce the number of iterations that are required for the solution to
converge. Many algorithms have tried to improve the quality of #ime&ns solution by suggesting different
ways of sampling the initial centres, lmdne has been able to avoid the problem of the solution converging
to a local optimuni15]. The Kmeans convergence criterion is more sensitive to large cluster rather than
smaller. Depending on the data topology, a local continuum of data that are very close highly cotdributes
K-means distortion optimization. These high local data dessitie wellestimated when low data densities
may be completely lost. Unfortunately, audio data we have to work with are not compliant with regular K
means expectations making this unsupervised algorithm as efficient as expected.

The main issues a@hedeweloped solution are related to the two previousign&ans drawbacks:

9 Initialisation of cluster centroids,

1 Constrained optimization step in order not to be attracted by local high data densities.
The goal is to obtain not an optimal clustering driven bytodi®n minimization but an optimal
representation of data set in terms of audio vocabulary coverage.

The new initialisation method is based on a simple physical requirement we decided to implement. Only data
located on constrained radiiishave to be selected as centroids. This constraint ensures the expected
coverage rate. Additionally and using the method describdsbi2 the estimated radius characterises
minimal volume, in acoustic space, which depeodgrobability of distances between audio frames. The
first mode gives a radius estimate whiishstrongly correlatedvith short term significant audio words
temporal supportAn adapted algorithm has bedeveloped to initialize centroids.

The number of initial centroids is unknown but it strongly depends omidbdradius. All the centroids
provided by this method arel apart from each other and characterise local regions of acoustic spaces
corresponding to significant audio words temporal support (first modé 5S¢

Based onthese initial centroids set, we iterate some regulandéns optimisation step with strong
constraints on the centroids trajectories. Doing
most of the cluster centroids during optimisatiém. adapted algorithm has been developed to constrain
centroids trajectories.

We have applied the previous solutionsnen Torino data set. itial clusteringresultsareplotted onFigure

9. The centroids are plotted with red circlEgyure8 gives the results of the constrained radius unsviged
clustering 8 LFSBEextracted with (& second temporal window (50% overlap) on 1 hour audio signal have
been used to demonstrate thgoathms.These results have been obtained on a data subset including all the
data from 2% of January.

As a conclusion of this part one can mention that an optimal constrained radius unsupervisedgcluster

algorithm has been enhanc&ince the mainegular kmeans drawbacks have been addressed, we have still
to deal with the problem of outliers and then with the estimation of audicsweairrences.
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20 MDS projection of Data and Constant Radius Kmeans Centroide
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Figure8: Initial clustering

20 MDS projection of Data and Constant Radius Kmeans Centroids

Figure9: Constrained radius unsupervised clustering

45.4 New audio words occurrenamethod estimation

Usual methods to estimate audio words from a set of centroids use a proximity criterion. This kind of
method enhanced by a continuous metravebeen already desbed in[1].

In order to enhance these methods, suggsisga set of belonginglegrees to the dictionary classes. In
this framework, data will be represented by a linear weighted combination afcgistad closest classes.
This methods known as # F utkod)yEacKdataxsstretated to aysubslet (of sidge o in our
evaluation) of dictionary classesharacterisecby their centroids. For each of the¥ecentroidsc, a
belonging degreé " AQ is estimated

We can describe the audio documents by the BoW representations &1 co-occurrence matrix with
£ ¢ 0 HQ , where¢ 0 FQ gives how often the audio word occurs in an audio documet. The
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audio word0 are estimated with constrained radius unsupervised clustering as described previously in this
report.

We have now to estimate the & co-occurrence matriwith £ ¢ 0 HQ ,where¢ 0 HQ gives how
often the audio wor@ occurs in an audio documegX. These terms are updated for each data of audio
document using for each audio words theentroidsl g and0 belonging degrees "AhQ pfB D .

As a conclusion of this part one can mention thaewa continuousestimationof audo words occurrence,
based orfFuzzy Clustering hasbeen proposed. The overall processing chain from audio features to PLSA
model has been covered.

4.6 Audio PLSA analysis evaluation on real audio surveillance data

The first targted taskwasthe audio ambience changes tracking. The final goal of thiswasko drive

robust abnormal audio event detection such as those previously presented (GMM and SVM one class). These
two systemswill deliver good resulte&rhen there is no misrtzh between the test and the training ambiences

| f itds not t he case, some false alarms only due
ambiance mismatches is to check the test ambiance likelihood with normal ambiance models. Tais task

be achieved with PLShAased analysis. Assuming that durations of each significant daily ambiance are
known, one can build a collection of PLSA models. During test phases one can estimate if test ambiances fit
well with expected models or if the previaet of trained normal ambiances is still well adapted to normal
ambiancesThese ideas has been followed during first year and also followed during second but we will
present in this paragraph some new results wihitlhhighlight new research directisnin this paragraph

some important results of previous algorithms will be presented with comments.

4.6.1 Constrainedadiusunsupervisedlustering results

Audio signals used for complete evaluation are liste@iable 1. To build audio words required by PLSA
implementation, we process all the filesupervised clustering has been on 77 hours of audio signals. The
main parametersf this stepare listed baiw:

1 8 LFSBEextracted with & second temporal window (50% overlap)

1 All the audio features have been normalised (mean and covariance). Mean and covariance have been
estimated on this whole data feature set
Radius constrained to 1.6
150 audio classes habeen estimated
Fuzziness equal to 1.3,
Each audio wordtraining or test) is represented by a linear weighted combination of distances to 3
closest classes (Fuzzy Clustering)

=A =4 =4 =4

Obtained audio classese the followingFigure10 andFigurell).
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2D MDS projection of Data and Constant Radius Kmeans Centroids.
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FigurelQ: Constrained radius unsupervised cluste(mgrall dataset)

Radius distribution

Figurell: Radius distribution (overall dataset)
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Adaptedand representativeudio vocabulary habeen trainedCo-occurrence matrixeand PLSAmodeb
arebased on this audio vocabulary

4.6.2 Co-occurrence matrix building and document size

As described in paragraph5.4 a new continuous evalation of audio words occurrence, Fuzzy Clustering
inspired, hadeen proposed his method has been used foramzurrence matrix building.

One of the main conclusions we did basedonPLSA experiments is the importance of the document size.
Depending on what the duration of-cocurring audio events, the PLSA models cannot provide valuable
resuls. The optimal size depends on:

I The audio events duration,

1 The beginning of the document

1 And how many times the audio events occur in the audio signal to be analysed by PLSA.

Since we have definitely decided to work in unsupervised way, we proposed to evaluate PLSA modelling
algorithm on several document length from 16@s. In order tde more flexible regarding the beginning of
each document, we also extract overlapped documents with a fixed-stepour evaluations we choae

step (or a delay) of 0.5s.

For each audio signals, foaeh document size (from 1s tosj@nd with a fixedtep of 0.5s, a eoccurrence

matrix is estimated. This way allows us not to be restricted on document size. We decided to keep PLSA
models to estimate which document size and beginning time is optimal. The optimality critedecidel

to use is basednathe Documentog-likelihood of each document. In order not to be disturbed by document
size for further PLSA models comparisons,meemalised Documenbg-likelihood as suggested |8].

4.6.3 PLSA modelsvaluation and intermediary results

This paragraph deals with PLSAodelsevaluation and proposes some results guiding us in our research.
These results have been important precursors for the final usage we make of the PLSA models and more
generally of tojr-based analysis tools.

As already suggested in the previous paragraph, we estimate with our secofio@nce matrixes a related

set of PLSA models. All the related algorithms have been precisely described in padagraph

For precise analysis we studied PLSA model training results with
1 Trained topic to word distributions 0 & (PLSA model),
1 Posterior probability of aaineddocument to a trained tapi a0 or to a set of trained topic
LW,
1 Normalisedoglikelihood of atrainingtest documend w8

An example of PLSA analyses results (document size is 4s) is presented in the followingSiayemel
numbers of topis 0 from 3 to 15 have been also evaluatEihally we decide thatd  p vis a good
compromise between typology of audio events and low level audio words frequency definition.

Further analyses have been conducted in order to better understand helvasepianodelling tools works
on our audio signals:

1 Analysis of distributions over topics per word,

1 Analysis of topics signifiation with audio event semantic,

1 Topic-based interpretation of PLSA analysis.
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Train (4s) : Distribution over topics per word
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Figurel2 PLSA resultdDoc. size 4s)

4.6.3.1 Analysis of distributions over topics per word

In order to study how topics are defined by PLSA models, we project® coefficients on audio
vocabularyspace This has been done for each 15 topics overl&0 audio wordsvith a doament size of
4s

The main conclusions of this analysisgure13) are the following:
9 Topics are related to few numbers of audio words (mostly less than 10),
1 Most of topics are well separated in the audio vocabulary space,
1 Few of themrsharethe same audio evds or the same location in thedio vocabulary space.

The first two conclusions shoulatove that topics differs sufficiently in order to give different semantics.

That 6s one of -basddanalgsidlhellastitem is highligptéday the cople of topics (5, 12)
and (9, 13). This fact will be explained than further analysis of PLSA analysis results.

Confidential Page25 of 97



K=11 (4s) K=12 (s

Figurel13: Projection of dstributions over topics per worbefficient on audio vocabulary spaoc. size 4s)
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4.6.3.2 Analysis of topics signification with audio event semantic

Another way to study how topics are defined by PLSA models is to analyse for each topic how they
contribute to PLSAlocumenmodels.To study the behaviour of each topiee rank all analysed document
according to the studied topic contributions. We gdigceach topic the best documents, or in other words,
the documerstfor which the studied topic is higher. This has been done for each 15 topics on a selected
subset of audio signals. We restricted our study to 18 audio signals acquired on 27th of Jdruar

following table(Table2) gives for each topic the file and the number of best document.

Basedonthe knowedge of audio signal and document parameters (beginning and end), we are able to
illustrate directly in temporal domain, some explanation of topic semantic.

Confidential

K Index File [ Nb Best Dd
1 17 18
2 4 13
3 0 25
4 14 16
5 09;15 13;13
6 7 13
7 4,7 56;34
8 10 42
9 7 20
10 10;12 28;20
11 12;10 13;12
12 5;0 21;13
13 6 27
14 17;10 53;25

Table2: Topic analysis by best representative document
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4.6.3.2.1 Topic1l
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Figurel4: Topic 1 (Doc. size 4s)

Audio significations:
9 No Train,
1 Several far group discussions,
1 No security announcement,
1 Ambiance Music
Topic semantic:
U Type of ambiance without train

4.6.3.2.2 Topic 2

- via2a (1 77 Mftpem  [Configurabion: Waveform] K>PUEEX

Figurel5: Topic 2 (Doc. size 4s)

Audio significations:

9 Train arrival(with high audio energy)
Topic semantic:

1 Type ofTrain arrival
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4.6.3.2.3 Topic 3
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Figurel16: Topic 3 (Doc. size 4s)

Audio significations:
1 No Trairs,
1 No discussions,
1 No security announcement,
1 No Ambiance Music

Topic semantic:

U Type ofambiance without train

4.6.3.2.4 Topic 4

Figurel?: Topic 4 (Doc. size 4s)

Audio significations:
9 2 Trains on the platform (one arriving and one leaving),
1 No discussions,
1 No security announcement,
1 No Ambiance Music

Topic semantic:
U Typeof train arrival/departure
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