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ASSOCIA TION OF SOUND TO MOTION IN VIDEO USING PER CEPTUAL
OR GANIZA TION

Sunil Babu Ravulapalli

ABSTRA CT

Tednological developmerts and innovations of the rst forty yearsof the digital era have
primarily addressedeither the audio or the visual senses.Consequetly, designershave pri-
marily focused on the audio or the visual aspects of design. In the perspective of video
surveillance, the data under consideration has always beenvisual. However, in light of the
new behavioral and physiological studieswhich establisheda proof of crossmodality in human
perception i.e. humans do not processaudio and visual stimulus separately but perciewe a
scenebasedon all stimulus available, similar cuesare being usedto dewelop a surveillance
systemwhich usesboth audio and visual data available. Human beingscan easily assciate a
particular soundto an object in the surrounding. Drawing from sudc studies, we demonstrate
a technique by which we can isolate concurrert audio and video everts and assaiate them
basedon perceptual grouping principles. Asscciating soundto an object can form a part of
larger surveillance system by producing a better description of objects.

We represen audio in the pitch-time domain and use image processingalgorithms such
as line detection to isolate signi cant events. These events and are then grouped based
on gestalt principles of proximity and similarity which operatesin audio. Once auditory
events are isolated we can extract their periodicity. In video, we can extract objects by
using simple badkground subtraction. We extract motion and shape periodicities of all the
objects by tracking their position or the number of pixels in ead frame. By comparing all the

periodicities in audio and video using a simple index we can easily assaiate audio to video.

Vi



We show results on v e scenariosin outdoor settings with di erent kinds of human activity

such asrunning, walking and other moving objects such as balls and cars.

vii



CHAPTER 1

INTR ODUCTION

Automated surveillance addressegeal-time obsenation of people,vehiclesand other mov-
ing objects within a complicated environment, leading to a description of their actions and
interactions. The technical issuesinclude moving object detection and tracking, object classi-
cation, human motion analysisand activit y understanding. Most commonly usedsensorsfor
surveillance are imaging sensors.e.g. video camerasand thermal imaging systems. There are
a number of video surveillance systemsbasedon a single cameraor hundreds of cameras. To
achieve corntinuous monitoring, infrared (IR) camerasare usedalongwith the optical cameras
under low illuminations. Howewver, motion detection and tracking are often uncertain and
incomplete as they require recognition methods that can handle the probabilities accurately.
O late "detection and tracking" systemsbasedon non-imaging measuremets are being ex-
perimented with. Measuremen of force on load cells [1] has already been used. Though the
performance of such sensorsis high, the cost of their usageis also very high. In this regard
the microphoneturns our to be a good sensordue its compact size,low cost, small data vol-
ume and low power consumption. Also, recert experiments in the psydological domain have
shown that human perception doesnot processsensessud as visual, sound, smell separately
but rather perceivesa scenebasedon the fusion of all the modalities available at a particular
instant. This has prompted researtiersin the computer vision community to make useof the
rich multimedia information (especially audio) in a video sequencdor video surveillance. Sev-
eral studies on fusing audio-video data for object detection and tracking have beenreported in
the literature. In the following sectionwe will take a look at human perception which formed
the basisfor the useof cross-malal fusion in arti cial systems. Then we goon to look at some

literature that usecross-malal fusion in arti cial systems.



1.1 Cross Mo dalit y in Human Perception

Bergmanin [2] described a number of Gestalt principles for auditory sceneanalysisin which
he stressedthe resenblance between audition and vision, becauseprinciples of perceptual
organisation such as similarity, good cortinuation, common fate seemto play a similar role
in the two modalities. This similarity led researders to believe that a human perceptual
system might utilize information from all available modalities, thus giving rise to interest in
the cross-malal domain.

There are seweral examplesof crossmodal in uences in which one may assumethat per-
ceptual systemindeed cortributes information from di erent sensorymodalities to an single
event. There is quite a bit of literature showing that arbitrary conbinations of modalities
heighten perceptual awarenessand lower reaction time comparedwith just the unimodal fea-
tures. Cross-malal combinations of features not only enhanceperceptual processingbut can
alsochangepercept. The prime exampleis the McGurk e ect [3], in which speed information
from sound and vision is preseried. When listeners hear "baba" and at the sametime watch
a spealer articulating "gaga", they tend to combine the information from the two sourcesinto
"dada". Cross modal interactions have also been obsened in spatial domain. For example
syndironized soundsand light ashes with a dierent spatial location tend to be localized
closer together (the vertrilo quist e ect). The common nding is that there is a substartial
e ect of the light ashes on the location of the sound [4].

In a seriesof experiments Vroomenand De Gelder explored somethingthey called "freezing
e ect” [5]. It is anillusion that occurs when an abrupt sound is preseried during a rapidly
changing visual display. In this illusion the participant feelsas if the sound is pinning the
visual stimulus for a short momernt sothat the visual display "freezes" helping the participant
to identify the visual. Participants sav a 4 x 4 matrix of ic kering dots that was created
by rapidly presering four di erent displays alternated by a mask (Figure 1.1). Each visual
contained four dots in random positions. One of the four displays consistedof four dots that
made up a diamond, and it could appear in any four corners of the matrix. The task of
the participants wasto detect the position of the diamond. One set of experiments involved

playing only low tones being played along with all the visuals, in another experiment a high
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Figure 1.1 Simpli ed Represemation of a Stimulus Sequencehat Exhibits "Freezing" E ect
[3]

tone was played along with the target visual. The averagenumber correct responseswas 55%
when only low toneswere played and 66% when a high tone was played along with the target.
In another experiment psychophysical and functional magnetic resonanceimaging (fMRI)
data was acquired while subjects processed given situation. A visual illusion which produces
motion aftere ect (MAE) was usedto assesghe e ects of visual and auditory attention on
motion processingin the human area MT+ (dorsal stream visual area). The MAE occurs
after a period of motion adaption, in which subjects view a unidirectionally moving stimulus.
When subjects subsequetly view a stationary stimulus, it appearsto move in the opposite
direction for a short period of time [6]. Subjects performed three scansin a single imaging

session[7]:
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Figure 1.2 Simpli ed Represemation of a Stimulus to MeasureMotion After E ect (MAE) [6]

Localizer scan
Fixation-only scan

Attentional MAE scan

The localizer scan (Figure 1.2a) was usedto identify area MT+ in ead subject. In this
scansubjects xated a certral crosshairand passiely viewed reversing stimuli alternated by
a stationary stimuli. This stimulus however does not induce any MAE. The xation-only
scan (Figure 1.2b) was designedto measureMT+ activity and the MAE in the absenceof
attentional demands. Blocks of moving and stationary stimuli were alternated. In half of
the moving blocks, the stimulus moved only in the outward direction soasto induce motion
aftere ect. The attentional MAE scan (Figure 1.2c) was designedto determine whether
attention to a certral visual or auditory stimulus during motion adaption has an impact on

signalin areaMT+ and the MAE. In all of the moving blocks, the stimulus moved only in the
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Figure 1.3 Attentional Modulation of MAE Perception [6]

outward direction. Subjects performed either a visual or an auditory task during the moving
block. In the visual task, subjects sav a seriesof letters in random order, which replaced
the xation crosshair. In the auditory task, subjects heard a seriesof letters preseried at the
samerate asthe moving blocks. For both visual and auditory tasks, subjects were instructed
to pressa button whenewr they sav or heard a vowel. Also, functional and structural MR
data were obtained usinga 1.5 T GE magnet and custom-designedhead coil.

Duration of the MAE after expanding motion, averagedacrosssubjects, was 9.44 seconds
(Figure 1.3). MAE duration was reduced when subjects attended to the certral visual task
during expanding motion, to an averageof 7.54 seconds.Also when subjects attended to an
auditory task during expanding motion, duration of MAE was reducedto 6.67 seconds.

Similarly, the signalin MT+ remained higher after blocks that induced a motion afteref-
fect than after blocks when no aftere ect accured. This is shavn by the markedly prolonged
decay time for the expanding motion condition ascomparedto the reversing motion condition
(Figure 1.4). The decay time following blocks of expanding motion was reduced signi cantly
when subjects attended to the certral visual task during adaption. It wasalsofound that au-
ditory attention alters the deca time in areaMT+. Theseresults demonstrate that auditory

attention canin uence motion processingin an early visual area.
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Figure 1.4 Attentional Modulation of fMRI Decay Time in Area MT+ [6]

1.2 Cross Mo dalit y in Articial Perception

A greater understanding of the human perception has led reseabers to use cross modal-
ity in numerous projects for increasein accuracy and reliability. The use of cross modality
has already appearedin localization in video, surveillance and multimedia indexing. Lo and
Goubran proposeda new method for performing audio-video talker localization [8] that ex-
plores the reliability of the individual localization estimatessud as audio, motion detection,
and skin color detection. Audio signalsare captured by a six elemen microphone array. The
talkers direction is obtained through a beamforming algorithm. Audio data is digitized and
localization is performed using the delay-and-sum-methad [9]. In video, motion detection is
done using badkground subtraction and for skin color detection the luma-chroma spaceis
used. The reliabilit y information is estimated from the audio and video separately The relia-
bilit y information in conjunction with a simple summing voter is usedto fusethe localization
results. Basedon the voter output, a majority rule is then usedto make nal decisionof the
activetalkerscurrent location. The results shav that adding the reliabilit y information during
fusion improveslocalization performancewhen comparedto audio only, motion detection only
or skin color detection only.

Lately surveillance systemsare using both audio and video sensorsto reveal and track the

presenceof anintruder. The systemdescribedin [10]is composedof a mobile agert and seweral



static ageris cooperating in the tracking task. The mobile agen is a vision agert composedof
an omni-directional vision systemand a mobile robot. The static agerts are acoustic agerts
composedof self steerablemicrophone arrays. To detect the intruder the imageis segmered
into the moving foreground and into the static badkground. An incremertal badkground
subtraction algorithm used to accourt for a dynamic ervironment. In this technique the
badkgorund imageis not a static image, but is updated frame after frame slowly incorporating
changesin the scene.The acoustic agert receivesthe position of the intruder from the static
agert, a beamforming algorithm is usedto direct the microphone array toward the acoustic
source. As a sequenceof frame is obtained, the signal is reconstructed using the overlap-
add method to the result of the IFFT block. The acoustic signal obtained is usedto train
a HMM (Hidden Markov Model) of the steps of the intruder. When the person moves, the
learnt HMM can be usedto distinguish one personmoving in the ervironment from another
one. The acoustic agert is also able to calculate the position of the intruder with respect
to itself. The localisation algorithm is implemented using a neural network basedalgorithm.
The measuremets on the position of the intruder coming from the static acoustic agens are
fused using a modi ed Kalman lter.

In [11] a content basedvideo parsing and indexing method is preseried which analyzes
both information sources(audio and video) and accourts for their inter-relations and synergy
to extract high-level semaric information. Low-level audio analysis involves the tasks of
speet-silence discrimination, linear predictive (LP) analysis and derivation of LP cepstral
coe cien ts of the speedt-voiced frames. The visual input is the entire video sequenceon
which a shot boundary (scene-cut) detection and video segmetation is performed. The rst
frame of eadt detected shot is subsequetly processedby a face detection algorithm followed
by a facial feature extraction module aiming at extracting mouth location. A mouth template
is thus obtained and usedfor mouth tracking in the remaining frames of the face shot. Multi-
modal interaction can serwe to enhancethe content ndings and o er a more detailed content
description about the samevideo instances. For example, sincespealker recognition performed
on the audio sourceis prone to recognition errors, visual information can be usedto detect
presenceof talking peopleand the speaker that exhibits maximum presencelik elihood is the

winner. The interaction of audio and visual semariic labels sudh as speed, silence, speaker



identit y, face presence,face absencesuppliesthe user with more detailed information and a
degreeof underlying corntext.

Spealer localisation using audio-video cuesat signal level has been explored in [12]. It
usesthe correlation betweenthe visual motion of the mouth and the corresponding audio data
generatedwhen a personspeaks. A time delayed neural network is usedto learn the audio-
video correlation which is then usedto do a spatio-temporal seard for a speaking person.

Kidron, Scecner and Elad present an method which detects pixels that are assaiated to
a soundwhile Itering out other dynamic pixels [13]. They usecanonical correlation analysis

(CCA) by exploiting typical spatial sparsity of audio-visual everts.

1.3 Contribution of this Thesis

The main cortribution of this thesis consist of,

Separating more than one concurrert audio and video events using a feature based

approac basedon single audio and a single video sensor.

Usageof higher level primitiv esand grouping making audio-video assaiation more ro-

bust.

Use of cluttered environment where more than one object exists and assaiates sound

to the corresponding object at a particular instant.

Useof auditory sceneanalysis(ASA) rather than the usual signal processingapproaces

to processsound.

1.4 Layout of Thesis

This chapter provided motivation and badkground for this work. The next chapter gives
an introduction to human perception of sound. The third chapter describes our approat
for the audio-video assaiation. The fourth chapter consistsof the results. The nal chapter

concludesthis work and lists the scope for future work.



CHAPTER 2

HUMAN PER CEPTION OF SOUND

Humans usetheir senseof hearingto understand the properties of sound-producing everts.
Often, we are interested in a single stream of everts, such as a violin playing, a person
talking, or acar approading. In a natural listening ervironment, however, the acousticenergy
producedby ead event sequencas mixed, at the listener's ears,with energyarising from other
concurrert everts. "Auditory sceneanalysis" (ASA) is a processin which the auditory system
takesthe mixture of soundthat it derivesfrom a complexnatural ervironment and sortsit into
padkagesof acoustic evidencein which ead padkage probably has arisenfrom a single source
of sound [2]. The performance of the human auditory system with regard to the ability to
analyzethe auditory environment, the localization of sound sourcesand perception of speed
is striking. Even in complex acoustical scenariosor under adverse acoustical conditions the
human systemcan separateand recogniseauditory everts very robustly. ASA providesanswers
to how the brain can build separateperceptual descriptions of sound-generatingevents despite
the mixing of evidence.The rst thing it doesis to analyzethe incoming array of soundinto
a large number of frequency componerts. Then by putting together the right set of frequency
componerts over time, a signal is recognized. From the point of view of theoretical signal
processingit is striking that the auditory system can achieve all this with just two receivers,
the left and the right ear. As a consequencethese properties of the human auditory system

have beena motivation to simulate it by meansof computer models.

2.1 Cues Used by ASA Pro cess

The perceptual segregationof soundsin a sequencedepends upon di erences in their

frequencies, pitches, tim bres, amplitudes, and locations, and upon sudden changesof



2.2

thesevariables. Segregationalso increasesas the duration of silencebetweensoundsin

the samefrequency range gets longer.

The perceptual fusion of simultaneous componerts to form single perceived soundsde-
pends on their onset and o set, frequency separation, regularity of spectral spacing,

harmonic relations and parallel amplitude modulation.

Di erent cuesfor stream segregationcompete to control the grouping, and di erent cues

have di erent strengths.

Primitiv e grouping occurs even when the frequency and timing of the sequenceis un-

predictable.

An increasedbiasing toward stream segregationbuilds up with longerexposureto sounds

in the samefrequency region.

Stream segregationis context-dependert, involving the competition of alternativ e orga-

nizations.

E ects of ASA on Perception

A changein perceptual grouping can alter the perception of rhythms, melodic patterns,

and overlap of sounds.

Patterns of soundswhosemenmbersare distributed into more than one perceptual stream

are much harder to perceive than those wholly contained within a single stream.
Perceptual organization can a ect perceived loudnessand spatial location.

The rules of ASA try to prevent the crossing of streams in frequency whether the

acoustic material is a sequenceof discrete tones or cortinuously gliding tones.

Known principles of ASA can predict the camou age of melodies and rhythms when

interfering soundsare interspersedor mixed with a to-be-recognizedsequenceof sounds.

The apparert continuity of soundsthrough masking noise dependson ASA principles.

Stimuli include frequency glides, amplitude-varying tones, and narrow-band noises.

10
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Figure 2.1 Grouping by Gestalt Principles (a) Grouping by Proximity (b) Grouping by Simi-
larity [2]

A perceptual stream can alter another one by capturing someof its elemers.

The apparert spatial position of a sound can be altered if someof its energy becomes

grouped with other sounds.

The segregationof streams of visual apparernt motion works in exactly the sameway as

auditory stream segregation.

2.3 Similarit y in Audio and Vision

Bergman [2] showved the similarities betweenthe Gestalt principles in vision and audition.
Just as grouping by proximity functions operatesin visual spaceit also operatesin auditory
pitch. McPherson, Ciocca and Bergman [14] have shavn that good cortinuation operatesin
audition in an analogousway to vision. The concept of amodal completion as it is usedin
vision [15] has been given a number of di erent namesin audition: the acoustic tunnel [16]
e ect, perceptual restoration [17] and the continuity e ect [2]. Since all these phenomenon
abide by the samelaws of grouping and organization, a framework that accours for these

needsto be used.

2.4 Theory of Indisp ensable Attributes

A perceptual object is that which is susceptibleto gure-ground segregation. Early pro-
cessingproduces elemerts that require grouping. Grouping occurs following the principles
described by the Gestalt psydologists (Figure 2.1); it producesGestalts or perceptual orga-
nizations, which are also putativ e perceptual objects. Attention selectsone putativ e object

to becomeFigure 2.2 and relegatesall othe information to ground [18]. There is little doubt

11



Figure 2.2 An lllusion Which is Seenas Two Facesor a VaseDepending on Our Interpretaion
of the Background

One yellow One white

Figure 2.3 Theory of IndispensableAttributes in Vision (a) Two Yellow Spots at SameSpot,
Obsener SeesOne Yellow Spot (b) One Yellow and One Blue Create One White Spot (c)
Two Lights Create Two Separate Spots, Regardlessof Color Obserer SeesTwo Spots [18]

that grouping and gure-ground segregationdescribe processeghat are meaningful for audi-
tory perception. Grouping is a well-establishedauditory phenomenon. Another phenomenon
that characterizesvisual objects is the formation and assignmen of edges.However, edgesin
audio seemsto be an abstract concept. Kubovy and Valkenburg [18] dewelop the theory of
indispensableattributes (TIA) which statesthat, in vision, objects are formed in space-time
domain, however auditory objects are formed in pitch-time domain. Spatial separationis an
indespensible attribute for vision. Imagine presening to an obsener two spots of light on a

surface (Figure 2.3a). Both of them yellow and they coincide; the obsener will report one

12
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Figure 2.4 Theory of Indispensable Attributes in Audio (a) One Speaker Plays Two Ds,
Listener Hears One D Sound (b) One Spealker Plays D While Another Plays a D, Listener
HearsOne Sound(c) D and F are Played Over One Spealer, Listener Hears Two Sounds[18]

light. Now supposewe changethe color of the lights, sothat one spot is blue and other is
yellow, but they still coincide (Figure 2.3b); the obsener will report one white light. For the
obsener to seemore than onelight, they must occupy di erent spatial location (Figure 2.3c).

Pitch separation is an indispensableattribute for sound. Imagine simultaneously playing
two 440Hz sounds for a listener (Figure 2.4a). Both of them played over the same loud
speaker; the listener will report hearing one sound. Now supposewe play thesetwo sounds
over two loudspealkers; the listener will still report hearing one sound (Figure 2.4b). For the
listener to report more than one sound, they must be separatedin frequency Thus, pitch
separationis an indispensableattribute for audio perception. By analogousargumert time is
an indispensableattribute for both vision and audition. The TIA thus forms a heuristic tool

for extending theories of visual perception into the domain of auditory perception.

13



CHAPTER 3

AUDIO VIDEO ASSOCIA TION

In this chapter we explain various audio and video algorithms used in this thesis. The

overview of this technique is show in Fig. 3.1.

3.1 Grouping Sound Events

Traditionally, there have been seweral approches to audio signal processing. The signal
processingapprochesto audio analysisare dominated by linear prediction and ceptrum anal-
ysis. Linear prediction is usedfor speed coding and ceptral features are the heart of speed
recognition. Another popular technique, the Independert Componert Analysis (ICA) tries to
make the extracted sourcesas statistically independen aspossible. However, ICA is a general
purposesignal processingtechnique and requires as many mixtures asthe number of sources.
Also, it needsauditory speci c constraints to beincorporated. Auditory Sceneanalysis(ASA)
forms the next generation of audio processing. The overview of the stepsusedin this thesis

to processaudio is shav in Figure 3.2.

3.1.1 Spectrogram Represen tation

As explained in the previous chapter, to processaudio using ASA techniques we need a
frame work in the pitch-time domain. In this thesis we use the spectrogram to represen
audio. Spectrograms are usually calculated from the time signal using the Discrete-time

Fourier transform (DTFT):

X )
X(w)=  x(n)e ™"

14
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Figure 3.1 Overview of Asscciation of Soundto Object in Video

If x(n) is time-limited to a duration of N samples,then we can sample the corntinuous
function X(w) at N uniformly spacedpoints. This corresponds to forming a periodic signal
x'(n) of innite duration and period N by concatenating the length N sequences«(n) and

computing its Fourier Seriesexpansion. This version of the Fourier Transform is written as:

X (k)= x(n)e IWn
n=0

wherewy = 2 k=N
This expressionis the Discrete Fourier Transform, or DFT, of the length N discrete time
sequencex(n). Here, k is the DFT bin number, and wy is the discrete frequency of bin k.
The spectrogram usesa slightly di erent form of DFT called the short time Fourier trans-
form (STFT). The STFT is a formulation that can represen sequencesf any length by
breaking them into shorter blocks, or frames, and applying the DFT to ead block. Digitally

sampleddata, in the time domain, is brokenup into frames, which usually overlap, and Fourier
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Figure 3.2 Computational Model of Grouping Sound Everts

transformed to calculate the magnitude of the frequencyspectrum for ead frame. Each frame
then correspondsto a vertical line in the image; a measuremen of magnitude versusfrequency
for a speci c momert in time. The spectrums or time plots are then 'laid sideby side'to form
the image. The horizontal axis represerts time, the vertical axis is frequency and the intensity

of eadh point in the imagerepresens amplitude of a particular frequencyat a particular time.

spectrogram(t; w) = jSTF T (t; w)j?

There are seweral issuesinvolved in choosing a good value for N. First, in order to take
advantage of the computational e ciency of the FFT algorithm, we want to take N to be a
power of two. Secondly the visual display produced by the analysiswill be represerted by N

samplesof the DTFT. The larger we make N, the closerthe DFT will approximate the smaooth
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Figure 3.3 Spectrograms (Top Left) Footsteps and Moving Car (Top Right) Chirping Bird
and Car Horn (Bottom Left) Car Horn (Bottom Right) Bouncing Ball and Footsteps

function represerted by the DTFT. A value that is too small, while not throwing away any
information, will produce a very coarsevisual display that may lead to misinterpretation of
the data. Somescaledspectrogramsfrom oudoors sceneare shavn in Figure 3.3.

The intensity valuesin the spectrogram are represened by 256 gray scalevalues. Most of
the pixels in the spectrogram image are produced due to noise,only the very high valuesgray
scalevaluesin the spectrogram image correspond to any signi cant ewvernts in the audio. To

lter out the noisewe threshold the image with a reletively high value (Figure 3.4).
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Sound of Chirping Bird and Car Horn (Bottom Left) Car Horn (Bottom Right) Bouncing
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3.1.2 Line Detection

A common obsenation from inspection of sewral spectrogramsis that signi cant audio
events suc as a walking person, bouncing ball, car horn etc. produce straight lines in the
spectrogram. In this thesis Steger'sline detection [19] has beenusedto extract thesestraight
lines. Steger'sline detection proceedsin four stages. First, isolated line points are extracted.
These points are characterized as having a zero crossingin the rst directional derivative
in the direction where the seconddirectional derivative attains its maximum absolute value.
Therefore, the algorithm needsto calculate the partial derivativesof the image. This is done
by convolving it with the partial derivativesof a Gaussiansmoothing kernelwith scale . The

result of this step are individual line points and their subpixel locations, aswell asthe direc-
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Figure 3.5 Spectrogram Imageswith Detected Lines (Top Left) Footsteps and Moving Car
(Top Right) Chirping Bird and Car Horn (Bottom Left) Car Horn (Bottom Right) Bouncing
Ball and Footsteps

tions perpendicular to the line. In the secondstageof the algorithm the individual line points
are linked into lines. The algorithm starts at points that have a seconddirectional derivative
larger than a chosenhigh value, and follows lines until the seconddirectional derivative is
smaller than a low. This procedureis known as a hysteresisthreshold operation. The third

stage of the algorithm extracts the width of the line for ead line point. The line width is
extracted by searting for points that have a maximum in the absolute value of the gradient

in the direction given by the normal to the line. Only pixels lying on a seard line normal
to the current line point are considered. The length of the seard line is 2.5* on ead side
of the line. The nal stage of the algorithm is to correct the line position and width. Some

spectrogram imagesafter line detection have beenshown in Figure 3.5.
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Table 3.1 Orientation Groups

Group Orientation
1 0-30and 150-180
2 30-60
3 60-120
4 120-150

3.1.3 Grouping

Signi cant audio events generally produce parallel lines in the spectrogram. Now our task
is to group lines which belongto a speci ¢ event. Oncewe obtain the spectrogram image with
the lines represening only the signi cant audio everts, the orientation and certroid of eadh
line is calculated. The orientation is the angle betweenthe x-axis and the major axis of the
ellipsethat hasthe samesecondmomerts asthe line. The certroid is the certer of massof the
region. The lines are then grouped basedon orientation valuesasshown in Table 3.1. Though
this step will group all lines with similar orientation, lines with di erent pitch information
may also be grouped together. To avoid this we further group linesin ead orientation group
basedon the certroid. The co-ordinatesof the certroids of lines are clustered using a simple
k-means algorithm. This location basedgrouping extracts lines that are closetogether and
along the same co-ordinate axis signifying lines belonging to the sameauditory evert. This
processhowever still results in groups which are formed due to low frequency noise in the
spectrogram. These groups are ignored during the assaiation stage where they do not nd
any video object to assaiate themselvesto. Someof the audio groups are shown in Figure

3.6.

3.1.4 Prop erty Extraction

Once we isolate the auditory ewvents from the spectrogram it is easyto estimate its period-
icity. First we nd the column-wise summation of eac auditory group asshown in 3.7. The
peaksin the auditory signal can be obtained by nding the local maximasin the column sum-
mation array of the audio group. By nding the corresponding column of ead local maxima
we can nd the column di erence betweenead peak by subtracting consecutive peak column

numbers. This can be converted to time by using:

20



Column Di erence
Time BetweenPeaks= Total time
Total Number Of Colums

The averageof the time di erence betweenead local maxima givesthe averageperiodicity

of the auditory object.

3.2 Grouping Video Ob jects

Moving objects can be detected by badckground subtraction. Once we subtract background
frame from ead frame we threshold the image to get a binary version with just the objects
in motion. Video objects exhibit two typesof periodicities: shape changeperiodicity or track
periodicity. Periodic behavior of objects such as humans exhibit shape changeperiodicity and
can be estimated by measuringthe changein the number of pixels in the bounding box in eadh
frame. This is basedon the fact that in a 2D imagethe number of pixels corresponding to the
human decreaseas both the legscometogether and increaseas the step is completed (Figure
3.8). The periodic behavior of objects such as a bouncing ball can be calculated by tracking
the certroid of the bounding box in ead frame (Figure 3.9). Oncewe have the periodic curves
we can nd the periodicity by applying periodic transforms [20].

The Periodicity Transform seardes for the best periodic characterization of the length
N signal x. The underlying technique is to project x onto someperiodic subspaceSp. This
periodicity is then removed from x leaving the residual r stripp ed of its p-periodicities. Both
the projection x and the residual r may contain other periodicities, and so may be decom-
posedinto other g-periodic componerts by further projection onto Sg This decomposition is
accomplisheddirectly in terms of periodic sequencesnd not in terms of frequencyor scale,as
do the Fourier and Wavelet Transforms. Unlik e most transforms, the set of basisvectorsis not
speci ed a priori, rather, the Periodicity Transform nds its own best set of basis elemeris.

Though we estimate both the periodicities for eat object, only one type of periodicity
will be relevant to an object. For example, the human might exhibit periodic motion by

monitoring the changein pixels in a bounding box, but tracking the certroid will reveal only
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a straight line. The periodic transform will estimate periodicity as zero and hencewe can
ignoreit. The periodicity estimate in terms of number of framescan be corverted to time by:
Number Of Frames

Video Periodicity = Total time
y Total Number Of Frames

3.3 Association

Audio and video data are highly correlated, for example the sound of a ball bouncewill be
accompaniedby an evert in the video wherethe ball comesin contact with the o or (Frames
21, 52, 83, 116 Figure 3.10). Similarly, the sound of a footstep will be accompaniedby the
foot of a personhitting the o or (Frames 36, 50, 63, 91, 106, 118, 131 in Figure 3.10). We
simply needto keep track of when we hear the sound and in video we need keep track of
when the ball or the foot comesin contact with the o or. Esserially, the periodicities of
objects both in audio and video should be similar. Video will have exactly the samenumber
of periodicities as the number of objects in the scene. Howewer, in audio due to noise, our
procedure might pick up false periodicities. To eliminate these we simply do a percenage
di erence chedk betweenthe video and audio periodicities. The lowest di erences will give us

the video object and audio object which are most similar.

Audio Periodicity Video Periodicity(y
0

Di erence Percentage = . —
g Audio Periodicity
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Figure 3.8 A Walking Person Exhibits Shape Change Periodicity



Figure 3.9 A Bouncing Ball Exhibits Track Change Periodicity
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Figure 3.10 (Top) Spectrogram of the Sound Waveform Received. (Bottom) Corresponding
Framesfor Each Evert in the Spectrogram
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CHAPTER 4

RESUL TS

In this chapter we consider certain scenariosconsisting of objects that exhibit periodic
motion. The audio and video results of ead scenariohave beenshawn in this thesis as well

ason the CD provided with this report.

4.1 Scenario 1: Person Bouncing Ball and Walking Person

First, we consider a small video clip shaving a person bouncing a ball and a person
walking (CLIP 1 on CD). The corresponding spectrogram of the audio signal, the thresholded
spectrogram and the detected lines are generatedas described is the previous chapter (Figure
4.1). The auditory groupsformed are shown in Figure 4.2. At this point we get three objects,
though in reality there are only two sound producing objects and the other is auditory object
is formed due to noise. Using local maxima to detect pealka in audio signal, the periodicities
of the audio groups shavn are estimated to be 1.06, 0.8 and 0.46 secondsrespectively.

Someof the video framesare shawvn in the top section of Figure 4.3. Motion segmemation

givesus two objects. Each object either givesus shape periodicity or track periodicty. How-

Frequency (Hz

1.
. Time (Secs) —

Thresholded
Spectrogram

Time (secs) Time (Secs) —

Spectrogram Detected Lines

Figure 4.1 (Left) Spectrogram (Middle) Thresholded Spectrogram (Right) Detected Lines
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Table 4.1 Di erence Percertages: Video Object 1=Bouncing Ball Video Object 2=Footsteps

Audio Object number (Periodicity) | Video Object number(Periodicity) | Dierence %
1 (1.06 seconds) 1 (1.04 seconds) 0.02%
2 (0.8 seconds) 1 (1.04 seconds) 0.30%
3 (0.46 seconds) 1 (1.04 seconds) 1.26%
1 (1.06 seconds) 2 (0.52 seconds) 0.51%
2 (0.8 seconds) 2 (0.52 seconds) 0.35%
3 (0.46 seconds) 2 (0.52 seconds) 0.13%

ever, the type of periodicty is irrelevant for assaiation. The relevant periodicity curvesare
in the bottom section of Figure 4.3. Once we apply periodicity transform we get periodicities
1.04 secondsand 0.52 secondsrespectively.

Once we obtain the auditory and visual periodicities, we calculate the di erence percert-
ages(Table 4.1). Since we have two video objects, the smallest two percertages form the
assaiation. Hence,from the table the rst assaiation is formed betweenvisual object 1 and
audio object 1 and the secondassaiation is formed betweenvisual object 2 and audio object
3. Visually, the bouncing ball video object is assaiated with audio object three and human
walking is assaiated with audio object one as shavn in Fig. 4.4.

Spectrogram images of the isolated auditory evernts can also be used to regeneratethe
corresponding audio signal. By retaining only the columnsin which atleast one pixel is equal
to one, in the original spectrogram matrix (obtained by applying Fourier transform to the
original wave form) and making all others zero, we can then apply a frame by frame inverse

Fourier transform and append the signal to obtain the corresponding sound [21]. We can
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regeneratethe sound corresponding to the relevant auditory object. CLIP 2 and CLIP 3 on
the CD exhibit the audio-video assaiation. Follow the yellow box in ead clip and hear the

sound which has beenassaiated to it.

4.2 Scenario 2: Walking Person and Moving Car

Now, we consideranother scenarioin which we have a walking personand car passingby in
the badkground (CLIP 4 on CD). The corresponding spectrogram of the audio signal and some
of the auditory groups formed are shown in Fig. 4.5. We expectto nd one audio object for
the footstepsand another for the sound of the car. Howeer, the sound of a car createsa noise
like signature in spectrogram and hencethe line detection cannot pick up the soundof the car.
In this case,oneaudio object corresponding to the personsfootsteps and other is formed due
to noise. The periodicities of the audio groups shovn are 0.53 and 1.54 secondsrespectively.

Some of the video frames are shown in the top section of Fig. 4.6. The periodicity curves
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Figure 4.4 Asscciation of Sound - Top Row Shaws the Lines Detected from the Spectrogram
of the Sound Wave from Which We Obtain Audio Objects Shown in the SecondRow. Third

Row Shaws the Periodicity Curves of Objects in the Video Extracted from Video Frames
Shown in the Last Row

are in the bottom section of Fig. 4.6. The walking personexhibits shape periodicty, however
the moving car doesnot exhibit any periodicity. Once we apply periodicity transform we get
periodicities 0.55 and zero secondsrespectively. Asscciation relates audio object one to the
walking person (CLIP 5 on CD) but no audio object is assaiated to the moving car. We

indicate this in Fig. 4.7 by not shawing any bi-directional arrow for the secondvideo object.

4.3 Scenario 3: Person Walking and Another Person Running

Now, we considera scenarioin which we have a walking personand another personrunning

(CLIP 6 on CD). The corresponding spectrogram of the audio signal, the detected lines and

29



Figure 4.5 Spectrogram and the Corresponding Audio Groups

someof the auditory groupsformed are shown in the top 3 rows of Fig. 4.8. The periodicities
of the audio groupsshown are 0.23,0.5 and 0.4 secondsespectively. Someof the video frames
are shawvn in the bottom row of Fig. 4.8. The periodicity curvesare in the forth row of Fig.
4.8.

Both video object exhibit shape periodicities. Oncewe apply periodicity transform we get
periodicities 0.52and 0.41 secondsrespectively. The rst audio object is formed due to noise.
Assceiation relates secondaudio object to the running person (CLIP 7 on CD). The third

correspondsto the footsteps of the walking person(CLIP 8 on CD).

4.4 Scenario 4: Person Walking and Bouncing Ball

Now, we considera scenarioin which we have a walking personand a bouncing ball (CLIP
9 on CD). The corresponding spectrogram of the audio signal, the detected lines and some
of the auditory groups formed are shown in the top 3 rows of Fig. 4.9. The periodicities of
the audio groups shown are 0.38 and 0.73 secondsrespectively. Someof the video framesare
shawvn in the bottom row of Fig. 4.9. The periodicity curves are in the forth row of Fig.
4.9. Oncewe apply periodicity transform we get periodicities 0.4 and 0.7 secondsespectively.
A percentage di erence ched corresponds rst audio object to the footsteps of the running

person(CLIP 11 on CD) and the secondcorrespondsto the bouncing ball(CLIP 10 on CD).

30



Figure 4.6 (Top) Video Frames (Bottom) Periodicity Curves

4.5 Scenario 5: Person Walking, Person Running and Bouncing Ball

Now, we consider another scenarioin which we have a walking person, a running person
and a bouncing ball (CLIP 12 on CD). The corresponding spectrogram of the audio signal,
the detectedlines and someof the auditory groupsformed are shaowvn in the top 2 rows of Fig.
4.9. The periodicities of the audio groups shavn are 0.61, 1.1 and 0.22 secondsrespectively.
Someof the video framesare shown in the bottom row of Fig. 4.9. The periodicity curvesare
in the forth row of Fig. 4.9. Once we apply periodicity transform we get periodicities 0.6, 1.1
and 0.23 secondsrespectively. The rst corresponds to the footsteps of the running person
(CLIP 13 on CD). The secondcorrespondsto the bouncing ball (CLIP 14 on CD) and third

correspondsto walking person(CLIP 15 on CD).
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Figure 4.7 Top Row Shows the Spectrogram on the Left Side and Lines Detected on the
Right Side. Two of the Audio Objects are Shawvn in the Third Row. Fourth Row Shaws the
Periodicity Curvesof Objects in the Video Extracted from Video Frames Shown in the Last
Row
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Figure 4.8 Top Three Rows Show the Spectrogram, Detected Lines and the Audio Objects.
Fourth Row Shows the Periodicity Curves of Objects in the Video. The Fifth Row Shaws
Thresholded Framesand the Last Row Shaws Video Frames
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Figure 4.9 Top Row Shaws the Spectrogram and the Next Row Shows the Lines Detected.
Two of the Audio Objects are Shawvn in the Third Row. Fourth Row Shows the Periodicity
Curvesof Objects in the Video Extracted from Video Frames Shown in the Last Row
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Figure 4.10 Top Row Shows the Lines from the Spectrogram. Three of the Audio Objects are
Shown in the SecondRow. Third Row Shaws the Periodicity Curvesof Objects in the Video
Extracted from Video Frames Shown in the Last Row
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CHAPTER 5

CONCLUSIONS

In this thesis, we presen a technique by which we can assaiate sound to maotion in the
video. Speci cally, we assaiate sound to objects exhibiting shape change or track period-
icities. Our method usesa feature based approac that groups high level primitiv es, thus
avoiding the noise assaiated with using low level features. This approac works well even in
a cluttered ernvironment and can assaiate more than one soundto the respective objects at
the sameinstant. Contrary to the traditional signal processingtechniques, we use auditory
sceneanalysis techniques to processaudio. This gives us separate audio events presert in
the soundsignal that are then grouped basedon periodicity of the audio signal. Unlik e many
well-known signal processingtechniqueswhich usemultiple microphonesto collect audio data,
we stick to audio data received by a single microphone.

In an age when video surveillance has becomeutmost important, assaiation of sound to
video can help zoom in on interesting objects in the video. It can also help gure out if the
sound produced is within the visual range. The cameracan then pan to seeif it can nd any
object of interest.

Though this technique usesprimarily periodicity asits cue to form audio-video assaia-
tion, we believe the concurrert nature of the audio-video data exhibit many more high level
primitiv eswhich can be used for assaiation. Multi sensorprocessing nds its usein many
areasincluding video surveillance. Psychological evidenceand analysis of biological systems

has shavn that audio-visual fusion enhancesperception.
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