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ABSTRACT interpretation, and exhibit variations in time even for the same per-
) . . son. Secondly, the characteristic features of a musical audio signal,
This paper presents a framework for audio-driven human body,,ch, a5 heat, tempo and tune, that are important in driving the dance

motion analysis and synthesis. We address the problem in the CoBgrformance are not well defined and hence need to be studied from
text of a dance performance, where gestures and movements of t signal processing perspective.

dancer are mainly driven by a _mu3|cal piece and phara_lcterl_zed by We address audio-driven body motion analysis and synthesis
the repetition of a set of dance figures. The system is trained in a SL;B-

ervised manner using the multiview video recordings of the dance roblem considering a simple but illustrative scenario in a dance per-
P gthe ngs ot . ormance. The dancing avatar automatically classifies the genre of
The human body posture is extracted from multiview video infor-

mation without any human intervention using a novel marker-base given musical piece and associates with it a single dance figure
algorithm based on annealing particle filtering. Audio is analyze at has been learnt from manually segmented multiview video se-
9 gp 9- y Quences of the dancer. Each dance figure is modeled and synthesized

g)ng):;rggé:?:;tirgsteg\e%égfgrg?:ggﬁc;h; é%'glt tig?li)slstﬁeszsl:edc; sing an HMM structure, and synchronized with the musical audio
P S’gnal using the beat information. A crucial task during avatar train-

gg'r;neateeirianégsguﬁ\éa;?; wrr10e\2 ddertljvesrr]nowv:/tirr]n a?gemeﬁézﬁilgfgsesogft?@?g is capturing the motion of the dancer, and one major contribution
9 : P 9 of this work is a marker-based algorithm based on annealing parti-

proposed algorithm. cle filtering, that can automatically extract the human posture from
Index Terms— multicamera motion capture, audio-driven body multiview video without any human intervention.
motion synthesis, dancing avatar animation

1. INTRODUCTION 2. SYSTEM OVERVIEW

In a typical dance performance, the body movements of the dancd€ overall system, as depicted in Fig.1, comprises three modules:
are primarily driven by, and hence, highly correlated with the mu-multimodal analysis (training), audio-driven body motion synthesis
sical audio signal. The work presented in this paper can be thougind animation. In the analysis block, multiview video sequences are
of as a first attempt to model this correlation towards the goal ofthalyzed in order to capture the time-varying posture of the dancer’s
automatic synthesis of a dancing avatar driven by musical audio. P0ody while audiois processed to exiract beat information. The multi-
In the signal processing literature, there exists little research thaiew videos are mangally segmented into semantic recurring motion
addresses the problem of audio-driven human body motion synth@atterns: the dance figures. The corresponding body posture-param
sis. The most relevant literature is on speech-driven lip animatioft€rs are then used to train a set of HMMs, each of them modeling
[1]. Since lip movement is physiologically tightly coupled with @ dlfferen_t dance figure. _S'lnce the audio a_nd video sequences are
acoustic speech, it is relatively an easy task to find a mapping bé&ynchronized, each repetition of a dance figure determines a time
tween the phonemes of speech and the visemes of lip movemers€gment from which the beat frequency associated with the figure
Many schemes exist to find such audio-to-visual mappings among@n be estimated.
which the HMM (Hidden Markov Model)-based techniques are the  In the synthesis module, a given musical audio signal is first
most common as they yield smooth animations exploiting tempora¢lassified, within a time interval, into one of the genres that have
dynamics of speech. Some of these works also incorporates syntheeen learnt in the analysis part. For genre classification, we rely
sis of facial expressions along with the lip movements to make anion Mel Frequency Cepstral Coefficients (MFCC) and employ the
mated faces look more natural [2, 3, 4]. The recent works that studfiMM-based classification technique described in [7]. Beat infor-
the correlation between head gestures and speech prosody [5] or bgation is then extracted in order to decide on the dance figure to
tween hand gestures and speech content [6] towards the goal of ma#gnthesize and its duration. Afterwards, the system generates the
realistic speaker animation can also be considered in the same cddedy motion parameters associated with the chosen dance figures by
text. using the corresponding HMMs, in synchrony with the beat infor-
The analysis and synthesis of body movements driven by musimation. Finally, the motion parameters, i.e., the angles of the body
cal audio pose more difficult challenges as compared to the speak@@sture, are animated on a 3D stick body model.
animation problem. In the first place, the body motion patterns, i.e, Currently, our avatar has been trained to classify and dance only
the dance figures, are usually very complicated in structure, havinwo genres,salsaandbelly, and it is capable of making a single
certain syntactic rules and hierarchies of figures. They are open tance figure associated to each genre.
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3. MULTICAMERA BODY MOTION TRACKING

The motion capture process involves retrieving the body configur
tion in terms of its defining parameters, nam@ly = {6o, ..., 0ar—1}+,

from the multiple video streams at a given timeThese set of pa-

rameters include the articulation angles along with torso rotatior
and translation. A marker based approach is employed where a s
of distinguishable color markers are attached to the joints of the
dancer. There exist a number of marker-based commercial system

as eva]uated in [B] for human motlon.capture .bUt mO.St of them relBf:ig. 2. Aninstance of the marker-based human body motion tracking
on a high number of cameras to avoid occlusions, high frame rateg

. ) . rocess from two camera views. The articulated body model with 22
or expensive hardware. In this work, we describe a low-cost metho

. ) . Fsis represen ick model on th ncer’ g
for multicamera marker-based body motion capture, that is accura eo s is represented as a stick model on the dancer's body
enough to train our dancing avatar.

For a given frame in the video sequence, a seVamages are views. exploiting the redundancy amond cameras
obtained from théV cameras. Each camera is modeled using a pin- 1 €XP gt ancy 9 .
The propagation model is adopted to add a drift to the parame-

hole camera model based on perspective projection. Accurate ce*l-r fth ricles in order o proaressivel mole the stat
ibration information is available. In order to estimate the positionse S of the particles in order 10 progressively sample the stale space

of the markers attached to the body of the dancer, the original im! the fc_)llowing iterat_ions [12]. Mo_r(_eover, an underlying motion
ages are processed in the CbCr color space where the marker co ttern Is (_employed in order to _efﬂmently _sample_the state space,
us reducing the number of particles required. This motion pattern

is efficiently detected and their locations are accurately estimate ; . ; B
The number of detected markers in every image may vary due tg,_represented by the kinematic constrains and physical limits of the

occlusions or low performance of the detection technique. HowlOIntS of the hgman body.. . .
ever, tracking information and redundancy among views would al- The described technique has produced satisfactory results with
low 6vercoming this problem N = 6 cameras at 30 fps. The use of a body model together with a

Inorer o analyze the noring data, an e body oo 21 Mg Sategynas proved o be robus agans severe o
is employed. This body model allows exploiting the underlying an- P ) gp

thropomorphic structure of the data [9]. The employed model idS shown in Fig.2.

formed by a set of joints and links representing the limbs, head and
torso of the human body and a given number of degrees of free-
dom (DoF) are assigned to each articulation (joint.). Particularly, O”%.l. Body Motion Analysis
model has 22 DoFs to properly capture all possible movements o
the body (see an example of this in Fig.2). In this research, HMMs are employed to model the dance figures,
We track the body angleé®; along time using an Annealing Par- i.e., the body motion patterns recurring in the dance performance.
ticle Filtering strategy [10]. This technique is employed to tackle esThe HMMs are trained with the parameter set resulting from the
timation problems involving a high dimensional state space such amotion capture process, that includes the joint angles as well as the
in this articulated human body tracking task. Two major issues muswptation and translation of the torso. For each dance figure, three
be addressed when employing particle filtering: likelihood evaluaseparate HMMs are employed to better capture the dynamic behavior
tion and propagation model. The first establishes the observatioof the dancing body, one for the torso and two for the upper and
model, that is, how a given configuration of the body matches théower parts of the body. The HMM structure for the upper part of
incoming data. For a given particle, we compute the 3D positions ofthe body models basically the movement of the arms while the one
the articulations by means of exponential maps [9] and then projedor the lower part models the movement of the legs.
them onto theV incoming images. In order to compute the likeli- A typical dance figure contains a well-defined sequence of
hood of the detected markers against the projected position of thmovements, hence we employ a left-to-right HMM structure to
joints, we employ the robust symmetric epipolar distance introducedhodel each figure. Each body posture parameter is represented
in [11]. This distance measures the closeness of a set of 2D poinby/ a single Gaussian function and one full covariance matrix is
observed as the projections of the same 3D location from differentomputed for each HMM model. This rather simple scheme leads

4. MULTIMODAL ANALYSIS



to satisfactory results without need for more complicated HMM 7 e v : — s paanee
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4.2. Audio Analysis

bility of Model Match

Log Probability of Model Match

Among various features that characterize a musical audio signaz,
such as tonality, harmony or melody, tempo is the one that primarily” L~ .
drives and synchronizes the dancing act. Hence we have employe : ™ Vg
tempo and the relevant beat information as the audio features thi =« & & (1o G meue e e e e e e a6 wm o
drive our dancing avatar. We estimate the tempo in terms of beats

per minute (BPM) using the algorithm suggested in [13]. Temporig. 4. Evolution of the logarithmic probability of the model match

estimation involves three basic tasks: onset detection, periodicity egyith varying number of states for the 6 HMM structures (three for
timation and beat location estimation. Onset detection aims to poir§a|saon the left and three fdselly on the right).

out where musical notes start, and tempo is established by the pe-
riodicity of the detected onsets. Beat location is computed directly

from periodicity estimation. MFCCs and employ the HMM-based classification technique de-
First, onsets are detected based on the spectral energy flux 8riped in [7]. The classified audio tracks are then analyzed to extract
the input audio signal, that signifies one of the most salient featuregne peat and tempo information via the method explained in Section
Onset detection is determining, since beat tends to occur at onsefgp The genre of the audio track determines the dance figure to be
Next, the periodicity is estimated from the detected onsets using agynthesized (recall that in our training video there is only one single
autocorrelation based method. Once the periodicity is determinegigyre associated with each genre) whereas the beat locations and the
the tempo can be calculated in terms of BPM. Finally, beat locatempo information determine the duration and location of the figure.
tions are estimated by generating an artificial pulse train with thy,e note that the beat frequency for the same dance figure may vary
estimated periodicity and by cross-correlating it with the onset seyithin a musical audio signal or from one piece to another.
guence. Maximum _values of this function marks the starting of a e body posture parameters corresponding to each dance fig-
beat location. See Fig.3 for an example of this process. ure are generated using the associated HMM structures learnt at the
_ Beat information allows estimating the tempo for each dancgnotion analysis stage (see Section 4.1). For each dance figure, we
figure, typically ranging between 60 and 200 BMP. Analysis resultsonstruct a single HMM structure by coupling the individual HMM
of our experiments show that the average tempo is 185 BMP fopgdels that are trained separately for the torso and the upper and
salsaand 134 BMP forbelly. We have also observed thasalsa  |ower parts of the body. The states of each such coupled HMM struc-

dance figure in our training video comprises 8 beats wheréaiiya  tyre correspond to the motion patterns that form the dance figure.
dance figure corresponds to 3 beats. We make use of this information

in the synthesis step to determine the beginning and ending frames
of a dance figure. 6. EXPERIMENTS AND RESULTS

Our training dataset includes multiview video recordings of two
dance performances, one &alsaand one fobelly, each with a du-
ration of approximately 5 minutes. The performances are recorded
synchronously from 6 cameras at 30 fps. Each video recording
consists of one single dance figure repeated successively during the
whole performance.

For motion analysis, we manually label the start and end frames
of each dance figure throughout the entire dance recordings. The
three HMM models of each dance figure, for the torso and the upper
and lower parts of the body, are trained in a supervised manner with
the body posture parameters captured from these manually labeled
segments.

In order to determine the optimal number of states for each of the
HMMs, we train each HMM with different number of states (varying
from 2 to 19). By computing the average logarithmic probability
Fig. 3. Beat detection example: time waveform, spectrogram anaf the model match for each value, we examine the progression of
spectral energy flux of 4 secondssafisatype music computed with  the learning process and the accuracy of the trained model. The
a 50% overlap analysis window. evolution of this parameter for the totality of the 6 HMM structures

that we trained is displayed in Figure 4. We observe that the optimal

number of states is related to the complexity of the dance figure. In

the case of the salsa figure, which is more complicated than the belly,

5. SYNTHESIS the optimal numbers are around 13, 12 and 14 for lower body, upper

body and torso, respectively, whereas these numbers are arp8nd 6
The goal of the synthesis stage is to generate the corresponding bodyd 5 for the belly figure. To determine the optimal number of states,
posture parameters synchronized with a test musical audio signale basically search for the point where the plots start to saturate
The first task is to classify the audio signal with respect to its genrsince we also want to keep the number of states, and hence the model
(salsa or belly in our case) over sliding windows. For this, we useomplexity, as low as possible.
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the correct dance figures in a very realistic manner. The avatar can
also keep track of the changing beat information and adjust the speed
of the dance movements accordingly.

A crucial task during avatar training is to capture the motion
of the dancer in an accurate manner. For this, we have developed
a marker-based algorithm based on annealing particle filtering, that
can automatically extract the human posture from multiview video
without any human intervention.

Future research within this topic involve unsupervised training
of the dancing avatar for different musical genres in more compli-
cated scenarios in which the dance figures are more sophisticated in
structure, having certain syntactic rules and hierarchies of figures.
To achieve this, we will also need to consider various musical audio
features other than beat and tempo, such as tonality, harmony and
melody.
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Fig. 5. For the salsa figure, variation of the means of three parame-
ters over the HMM states (plotted in red) and evolution of the same
three parameters during four different realizations sampled from the
training video (plotted in blue).

(1]
(2]

In order to verify that the posture parameters are correctly mod-
eled with the resulting HMMs, in Fig. 5, we compare, for some [3]
parameters, the evolution of the means of their Gaussian distribu-
tions over the HMM states with the evolution of the same parameters
through the realizations of the corresponding dance figures in the[4]
training data set. The shapes of the evolution are clearly observed
to be similar, even for the parameters which show significant varia-
tions from one realization to another in the training set and are thusjs
difficult to model.

The musical audio signals are recorded at 16 kHz as 16 bit mono
PCM wavefiles. The signals are analyzed over a 25 ms Hamming
window at every 10 ms. The set of 13 MFCCs along with their first 6]
and second derivatives, adding up to a total of 39 features, forms thé
audio feature vector for the genre classification task. Use of MFCCs
as the only audio feature set becomes sufficient for the classification
problem in our case, since we have only two types of musical audio,
salsaor belly. [7]

We have considered several animation scenarios for demon-
stration of our dancing avatar. In the first scenario, we mix two
audio tracks of different genresalsa and belly, and use this (8]
mixed track as the animation audio to show that the avatar can
successfully recognize the changing audio and synthesize the cor-
rect dance figures. In the second scenario, we first slow down and9]
then speed up the audio track to demonstrate that the avatar can
keep track of the changing beat information and adjust the speed
of the dance movements accordingly. In the final scenario, weig
take an arbitrary audio which is neither salsa nor belly to see how
the avatar adapts itself to a different genre that it has not been
trained for. Demo videos of these scenarios are available online "[’:[1]
http://mvgl.ku.edu.tr/bodymotionanalysis/icassp08/

7. CONCLUSIONS

This paper presents a novel framework for audio-driven humdwg bo [12]
motion analysis and synthesis. We have addressed the problem in the
context of dance performance and considered a simple scenafio pos
sible in which only a single dance figure is associated with each mLﬁS]
sical genre. Currently, our dancing avatar has been traineshfsa
andbelly. The experiments show that the avatar can successfully
recognize the genre changes in a given audio track and synthesize
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