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Audio Proto Objects for Improved Sound Localization

Tobias Rodemann, Frank Joublin, and Christian Goerick

Abstract—In this article we present a new framework for time information on the segment, are combined into what
auditory processing that combines feature extraction and grou- we call an audio proto object. These audio proto objects
ping processes to form what we call audio proto objects. These 5y correspond to whole utterances or tones, but might
proto objects combine an arbitrary number of audio features N .
in a compact representation that allows a more precise sound as We_" be combmaupns or fragm(-ents.of sound. objects.
localization and also better interfacing to behavior-control in ~ We will show that this representation is well suited for
robotics. We compare our standard sound localization system tasks like sound localization with selective attention.ttBo
with the new approach in several scenarios to demonstrate the precision and reliability of sound localization are impedv
potential of the new approach. and it is easier to filter irrelevant stimuli before movingeth

robot. In this article we will first describe how we perform
l. INTRODUCTION the basic segmentation process based on the signal energy
. . . only. After the segmentation process we outline how we
When talking about robot audition two specific Sub't""Sk§epresent feature values over the full segment using agsrag

dominate in Ilte_:rature_: Speech rec_ogn|t|0n m_cludmg $i)unor histograms. We will then describe in more detail the audio
source separation to improve the signal-to-noise ratichen Lteatures used in our system: signal energy, sound direction
one side and sound localization on the other side. Both pr Zzimuth) via 1ID and ITD, energy slope and the length

cesses transfprm a Iow—IeV(_aI audio signal i_nto a high—le\_/e f segments. Other features like pitch and spectral energy
more symbohc representation for_ generation of t?Pfh"’“”oﬁave been tested, but will not be discussed in the scope of
While this process is well-defined in speech recognition, fotrhis paper. Later on we will report on several experiments
the task of localization the transition from the signal te th; " oo .\world environment we have done to compare a
behavior level is often d§3|g_ned ad-hoc. ”_‘ most appliGatio ¢yanyard sound localization approach as described in h] wi

( [1}-{3]) low Ieyel Iocahzat.l_o.n feature.s like ITD "?‘F‘d o our new concept. We demonstrate that the mean localization
are convderted mtoh probablllt;es for dll.lfieqent p‘??'“omi- herror is comparable to standard approaches with well-tuned
a segon stagg t et cutrr((ajnty mct))st f,' g_y p?r?mon CI)< ,t ﬁﬁtegration constants and in some scenarios even better. We
sound source 1S extracted, €.9. by 1inding the peak N fsq show that in scenarios with several alternating speake

po_sition map. In the fina_l stage the robot's attention or gaze y, o integration over different utterances of the same sgeak
shifted towards this position. Because one normally wamts is possible. Finally we show an example where, based on

avoid r.esp.ond;ng to splgn(;)us baﬁ kground a}ctlwty, a trokesh two simple filters, the majority of background noise signals
operaﬂon Is often applied. Furt ermore, since Instarase ., 4 pe ignored in an experiment with a humanoid robot
single-sample measurements are unreliable under fe“""v_orn free interaction. Figure 1 shows the system’s architectu

conditions, measurements are normally integrated oves “”Qmm feature preprocessing, segmentation, audio proteadbj

to smoothen the result. Finding an optimal integration timﬁeneration, filtering, grouping, and motor control modules
constant under varying conditions is difficult. It is alsaath

lenging to decide when to read-out the position estimatiom\. Comparison to related work
Earlier position estimations are often too noisy since they The term audio proto objects is closely related to both

use only part qf the available cues while later responsegs (eaudio streams ( [4], [5]) and visual proto objects [6]. Audio

second onset in same word) are often af_fected _bY e(f‘hoesstl?eams are the result of a segmentation process operating
some degree. A.d!fferent type of problem is that_ itis difftcul on a number of audio features. Our approach uses a strongly
to base the deqsmn Wh(_et.her to attend to a St'ml.”us or n8I)mpressed representation of audio features in the form of
purely on the signal’s position or energy. Other audio fezu mean values or histograms. While audio streams are better

“kle sounfd Iength_ or, p't_Ch F"ght be more suited to separalgjiieq for speech recognition, they are often too cumbegsom
relevant from ‘noise” stimull. to be a basis for operations on the behavior level. We argue

To _solv_e these issues we propose 10 use a conce_pt ttﬁ%t for many robotics applications, there is a number of
was inspired by the work of Bregman [4] on auditory

lvsis (ASA). Our idea i ; b %roblems which are not tackled by the current approaches.
scene analysis ( ). Our idea is to perform bOtom-Ulgyq g that the robot needs to distinguish between relevant

zegm?”ta“g” hOf audio signals along tze t'rg,e c;r frequencyinii like user commands and distractors such as phore rin
hom?lrl] and then Icom;;]ut(_arhcompresse au ollof eatures o ﬁg, foot-steps, or people talking with each other. Howeve
the 1ull segment length. These compressed leatures, plijgq separation has to be flexible depending on the situation
Honda Research Institute Europe, Carl-Legien Strasse 3 3 0ffen- We also believe that robots need to _underStand hOW many
bach, GermanyTobi as. Rodemann@wonda-ri . de sound sources are around them, which characteristics they
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Fig. 1. System architecture (the preprocessing module izritdesl in more
detail in Fig. 3). for separating concurrent sounds in real-world applicetio

(51, [7], [8l.

have and how sound sources are related to each other (Be.Feature compression

who is talking to whom). These are difficult challenges that The feature compression stage integrates cues over all
will require a higher level representation of audio signalssamples and provides a description of the feature over
Due to the length of raw audio signals in complex situationghe full segment length. The new representation can be a
(imagine following a dialog) these representations wikte scalar value, like average signal energy, or a vector over
to be very condensed, otherwise the relevant charactaristiifferent frequency channels or positions. In any case, the
can't be extracted. representation is independent of the size of the segment.
Specifically, in the audio proto object, energy is represgnt

Il. AuDIO PROTO OBJECTS :
i . i ) as the mean value over all samples in the segment (of length
In this section we introduce the concept of audio protg)_

objects as a high-level, compact representation of audio 1
signals for linking with other sensory modalities or beloavi Penergy= L SgsA(S) ’ @
control in robots. We assume that, after sound acquisition
and preprocessing, a number of audio features are computédiere A(s) is the sum of signal envelope values over all
One or more of these features are used for the segmdffguency channels in sampdeand S the set of all samples
tation process that defines the borders of a segment. Tiethe segment. The representation of the localizationés th
segmentation is described below. The next processing sta@fecumulated position evidence for all samples:
computes compressed audio features over the whole segment
and also calculates derived features (start and length of Pposition(df) = ZSE(U S), 2)
the segment) based on the segmentation process. Finally, s
compressed audio cues and derived features are combineldere a is the azimuth angle of the source, akda,s)
to one entity that we term audio proto object. the evidence for azimuth angle in samples. E(a,s) is
, integrated over time with a constant see [1].

A. Segmentation process

One of the most critical aspects for the generation of audio . SYSTEM
proto objects is the definition of segments. In this work, The basic system architecture (see Fig. 1) is based on
we use only a simple energy-based segmentation proceige one presented in [1], extended by several preprocessing
We assume that relevant sounds are sequential, so thatlaments (see Fig. 3 (left)) and modules for the generation,
separation in time is sufficient. A proto object starts whefiltering, and grouping of proto objects. Localization ae th
the signal energy exceeds a threshBlénd ends when the main audio feature used in this article is based on the
energy falls below this threshold. The parameéledepends Interaural Intensity (IID) and the Interaural Time Diffece
on the hardware characteristics and needs to be adaptedItD) as cues. A model of the precedence effect is used
the background noise level. Fig. 2 gives an example of the reduce the impact of echoes and spectral subtraction
segmentation process. is employed to reduce background noise. Sound data was

Our approach is currently limited to situations where speaecorded on a humanoid robot head modeled after Honda’s
kers alternate without any overlap. Nevertheless a number Asimo, see Fig. 3 (right). We are using two human-inspired
realistic scenarios will be of the type that can be handled iears mounted on the sides of the robot. The head is in a
our approach and literature has shown a number of solutionsisy, very echoicTgo = 810mg lab room of size 12 x 11 x



Fig. 4. Scalar product similarity measure between differentgobject
positions for two different speakers at azimuth angle 10°-40d (eft) and
at 30° and 60°rfght). The dialog structure is visible in both plots.

Fig. 3. Left Sketch of system’s preprocessing architect&ight Asimo-
like robot head with two human-inspired ears mounted on a iftsgleément.

2.8 m. We are using a set of 57 different sound files recorded PFJ,Q'S';“O”(G) - ngg;tion(a) i PEﬁ‘évrgy* Frosior@) (3

at different positior?s in this room. A subset was used fof\ll Position evidence is multiplied with the proto object
calibrating the audio-motor mapping, the remaining 47 file§Ner9Y PErergy Additionally, activity decays exponentially
were used for evaluation. We used a Gammatone FilterbaR)eT time and very weak proto objects are removed from
(GFB) [9] with 100 frequency channels that spans the rang'?ort-term memory. Slmlla_rl_t3‘5(|, j)_ is based on the scalar
of 100 - 2000 Hz, where, due to background noise in thiBroduct of normalized position evidence vectors of the two

frequency range, performance for our standard system sR[CtO Objects. Fig. 4 shows the pairwise position simarit
shows potential for improvement. of proto objects for two dialog settings. Based on this figure

we estimated the optimal similarity threshold to Tie= 0.6.
A. Filtering, grouping and short-term memory B. Localization with population-coded cues

A big advantage of the proto object concept is that proto Our standard sound localization system maps pairs of ITD
objects can be easily filtered depending on their condensggd (1D values to azimuth position candidates using a pre-
features. As an example, proto objects that are too shalibrated audio-motor map. Cue pairs are measured for spe-
or don’t have enough energy, can be neglected for souffic frequency channels whenever an onset occurs. There are
localization or other behaviors. The proto object concept ¢ normally only very few onsets in a single word for a specific
be extended to group proto objects from the same sourg@quency channel. Considering that cue measurements are
together since they have similar features. For groupedprohoisy and, especially for ITD, ambiguous, mapping single
objects, feature measurements can be integrated therefde pairs naturally produces a large number of candidate
improving localization performance. While the standard-tempositions. Only in the integration over many channels and
poral integration approach makes some (implicit) assumpti over time the necessary robustness and precision is gained.
about the auditory scene (e.g. sounds close in time are frophis integration is a summation of position estimationsrove
the same source) the proto object approach allows a maog# channels and a leaky integration over time. Because the
explicit and flexible integration. audio proto object concept allows a grouping of different

We use position to group audio proto objects together, bitequency channels and onsets over time, a better lodalizat
in certain situations also cues like pitch or spectral cainte performance should be reachable. To test this hypothesis,
might be helpful to distinguish different sound sources. Ive combined cue measurements over the complete segment
scenario 2 (see below) a grouping of proto objects coulgf the audio proto object and then mapped the result to
even be done based on energy and segment length (dueat@osition estimation. In order to retain information about
slightly different characteristics of speakers’ speeclum@  the distribution of cue values in the proto object, indiatiu
and segment length), but this probably would not apply ifneasurements are re-encoded into a population code. For
most scenarios. ITD and IID each, we use a set of nodes with response

We do not perform an offline clustering of proto objectscenters at -0.9, -0.8,...,0,...,0.8,0.9. Every singlesueament
but rather employ a sequential procedure where for evewf ITD or IID leads to an activation in the nearest nodes
new proto object it is decided if it is integrated with other(with a Gaussian distance kernel of width 0.1) and all
proto objects. Grouping is done by evaluating the positiomeasurements for a single audio proto object are added
vector Pigdiion(0) of the new proto object and comparingup. There is one population code vector for each frequency
it to the position vectors} i) Of all proto objects channel so that the population-coded cue representations
in short-term memory. If the position vectors are similafor a single proto object have a size of 2 (ITD+IID) *
(S(new jmin) > Ts), the closest proto objegin is updated, Nrregchannels® Nnodes During calibration we measured the
otherwise a new entry in memory is created. An update jgopulation response by averaging over all 10 calibraties fil
done by adding the position evidence from the new protGue to position mapping is performed by combining all cue
object to the old representation: measurements for the whole proto object as described above
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Fig. 5. Population coded representation of binaural laetithn cuesléft  Fig. 6. Sketch of the two main scenarios used in this papee®ptdenote
IID, right: ITD) for azimutha = 50°. Data is integrated over 10 different different sounds.

sounds for each angle.

T mean loc. error| percent correct
7=10 ms 8.0° 46.8%
and then comparing the population response with the stored T:iggoms inglo ;g ggﬁj’
. L . = ms $ing .3° 1%
population responses for all positions. The evidewse ) 1=1000 ms 6.5° 51.9%
for a specific anglear is computed as the scalar product T=5s a47° 56.6%
over nodes between the measured valuggs(n) and stored ngg s gg gg-gz/ﬂ)
representatiorM®, .(n) for frequency channet, cuem (1 =28 ' Sl
= 1D, 2 = ITD), and populatio.n node, summed over all TABLE |
frequency ChanHEIS and cues in the pOpUIatlon: AZIMUTH ERROR FOR SCENARIOL WITH OUR STANDARD SYSTEM AND
2 NFreq DIFFERENT VALUES OFT . IN THE Sing|eSETTING, INTEGRATION DOES
W(a) _ < Ma (n) ﬁbm(n) > (4) NOT EXTEND OVER MORE THAN ONE SOUND FILE EACH
m,.c s 11G,
m=1 c=1

All vectors in the scalar product are beforehand normalized
to mean 0 and norm L F|g..5 gives an example pOPUIat.'Osnound localization system as outlined in [1], which showed
code representation of localization cues in the proto abjeC . . . .
o very good performance under high-noise conditions, with

for a sound at 50° azimuth. .
our new, proto-object-based approach, that works on top of

IV. RESULTS the old system. We vary the temporal integration constant

For the analysis of the proto object-based localization w& ffom 10 ms to 50s. Our results (Table 1) for scenario 1
recorded a number (47) of sound files from different positiShOW that the performance of the standard system increases
ons and compared localization results for varying paramet¥/ith larger values ofr, mostly due to the integration over
settings. In a first scenario, source positions vary slowi§lifferent sounds. _
from 90 to -90 degrees azimuth bearing, and all sounds are!f We apply the same strategy for the alternating sound
played in sequence for each position. This corresponds to>§enario (2) the results are different (Table II). We useeeth
sound source that slowly moves from right to left. In such &ifférent settings, one with the sound sources at 10° and
scenario a temporal integration of localization cues is/ver10° (setting 1), one with sources at 40° and -40° (setting
beneficial. The second scenario simulates a dialog situatig) @nd finally 30° and 60° (setting 3). The last setting is
where two sound sources (speakers) talk in alternatiorh BogSPecially challenging because both sources are on the same

speakers count from one to ten (in different languages). Tﬁéde_ of the head "?‘”d therefore _mislocqlization can arise
two scenario situations are sketched in Fig. 6. easily. In these settings temporal integration does notemak

In the following, errors are given as mean azimuth erropense for more than a few 100s
and the percentage of correct estimations (i.e. error = 0). The problem in the dialog scenario is that with increasing
The peak position in the localization map (over the wholdme constant past measurements get an increasing influence
sound file for the standard approach) is taken as the estima@ the current position estimation. As a result the loctibra
position. This procedure favors the conventional approachill ither localize only one of the two sources (as for sgfti
since it implicitly solves the problem of determining the2) Or average over the two positions (as in setting 1 and 3).
optimal point for the read-out of the position estimation. These results demonstrate that for situations which refeemb
dialog scenarios, time constants of integration would-opti
A. Temporal integration vs. proto object concept mally be in the range of 100 - 1008s However, our results
Comparing the performance of different sound localizatioin scenario 1 have shown, that, if there is just one source,
approaches is difficult since the results depend on a lardgcalization precision could be improved substantiallyewh
number of factors (room conditions, recording hardwarejsing longer integration constants.
test sounds, and others). We therefore compare our previoudn comparison, the audio proto object approach uses



T \setting

Setting 1 (10/-10)

Setting 2 (40/-40)

Setting 3 (30/60)

Setting

Best standard

Proto Object

+ pop. code

=10 ms
7=100 ms
7=1000 ms
=5s
=20 s

35° (65%)
3.0° (70% )
3.0° (70% )
6.0° (60% )
8.5° (55% )

10.5° (35% )
9.0° (30% )
10.0° (25% )
20.5° (35% )
37.5° (45% )

75° (35% )
8° (30% )
9.5° (30% )
12° (25% )
13° (15% )

TABLE I
AZIMUTH ERROR FOR THE STANDARD SYSTEM WITH SOURCES AT

Sources at 10/-1(Q
Sources at 40/-40Q
Sources at 30/60

3.0° (70%)
9.0° (30% )
7.5° (35% )

35° (65%)
8.5° (35% )
8.0° (35% )

1.5° (85% )
6.0° (50% )
4.5° (55% )

COMPARISON OF AZIMUTH LOCALIZATION PRECISION FOR STANDARD

TABLE IV

AND PROTO OBJECT APPROACH FOR VARIANTS OF SCENARID.

DIFFERENT AZIMUTH ANGLE SETTINGS

Scenario Estimated Positions

Two sources (-10/10) -10/ 20
Filter setting | Proto object approach + population coding Two sources (-20/20) -30/30
ALL 12.4° 8.3° Two sources (-30/30) -30/ 40
Top99 12.2° 8.0° Two sources (-40/40) -40 / 50
Top90 10.6° 6.7° Two sources (-50/50) -50 / 60
Top80 9.0° 5.5° Two sources (-60/60) -70/ 70
Top60 6.7° 4.3° Two sources (-70/70) -70 /70
Top40 6.3° 3.9° Two sources (-80/80) -80 /90
Top20 6.1° 3.9° Two sources (-90/90) -80 /90

Two sources (30/60) 30/70

TABLE Il Four sources (-20/40/-50/70 -30/50/-50/80

PERFORMANCE OF PROTO OBJECT SYSTEM FOR SCENARIOWITH
DIFFERENT SETTINGS OF ENERGY FILTERING THE RIGHTMOST
COLUMN DEPICTS RESULTS FOR THE PROTO OBJECT APPROACH WITH
POPULATION CODING OF CUES

TABLE V
TRUE AND ESTIMATED POSITIONS USING THE PROTO OBJECT APPROACH
AND GROUPING BASED ON POSITION SIMILARITY AFTER TEN
UTTERANCES EACH

only an integration over samples that are grouped by theproves the localization further.
segmentation process. Directly comparing the performance _ . _ -
of standard and proto-object approach is difficult becausB; Grouping of proto objects via position

due to the segmentation process, there are on average 1.§e used the position-based grouping process to improve
proto objects generated for each sound played. Some of thesgalization precision and to estimate the number of sound
proto objects have a very low energy or length and also bagurces in the different scenarios. For different settiofs
localization performance. We therefore decided to filtet@r the dialog scenario two main sound sources emerge at the
objects with a low energy and use only the remaining ongsositions shown in Table V. In addition, one or two additio-
for measuring the localization performance. Table Ill give nal weaker sources were found due to localization outliers
result for different settings of the filter, whedLL means put they have very low accumulated position evidence and
that no filtering is used an@iopXXthat only the topXX%  will disappear over time.

proto objects (in terms of their energy) are evaluated. The The results show that the two sources can be extracted and
right column provides the results for the population codegheir position localized with an average error of 5.5°. Even
sound localization (see section I1I-B). in a scenario with four separate speech sources the grouping

Performance increases substantially when working onlyrocess correctly determined the number of sources and thei
with louder proto objects. Using only 60% of the protopositions. Is has to be noted, that with increasing number
objects (roughly one per sound as for the standard approa@f) sources the grouping process becomes more and more
the results are better than the ones for sivgle setting in  difficult. While two sources can be correctly identified with a
the standard approach where information can't be intedraté@road range of values of the similarity threshold, morerigni
over several sounds. It is also noteworthy that the pomriati is necessary for more sources. This process can be improved
coded approach is substantially better than the single cifenore separating cues are available and similarity is thase
mapping (a reduction of more than 30% in localization errorlon several cues.

For the second scenario (alternating speakers) the resultdVhen applying the same approach for the first scenario,
are shown in table IV. Again, low-energy proto objectghe system can for most of the time follow the current source
have been filtered out (1 or 2 per setting). The results aposition (i.e. just one proto object with correct position
comparable to the performance of the standard approach fstimation), being able to ignore rare spurious proto dabjec
a setting of the integration constant that is well adaptedith wrong position estimations. The system only fails when
to the timescale of the dialog. With the proto objects pluthe source switches sides since at this point the distdbuti
population coding results are even substantially bettér. Af position evidence values changes substantially. Quickl
this point we are not even using the full potential of thenowever, a new proto object at the correct position will
proto object approach. In the next paragraph we will showmerge. When taking as position estimation the peak position
how the grouping of proto objects according to their feaurefrom the strongest proto object, the mean localizationrerro



Ener gy

* Speech il
+ Environnmental
I I I I I I I

0‘5 0.6 0.8 09 1
Length

Fig. 7. Length and energy of audio proto objects for two typesounds:
environmental noise and robot directed speech.

is 4.0°. With the population coding approach the precisio

audio proto objects are a framework for increasing sound lo-
calization performance in typical robotic scenarios, uidlhg

a higher precision in multi-source scenarios, integratioer
several utterances of a speaker, combination of differe@s c
for grouping processes over time, and filtering of specific
sounds. We have also shown that the population coding of
localization cues for the entire proto object can furthemno
reduce the localization error by about 30%.

The audio proto object concept should be extended by
improving the segmentation process, for example through
source separation. This would extend the concept of seg-
ment into the spectral dimension and allow a treatment of
concurrently active sources. Other necessary extensi@ns a
more audio cues for segmentation and grouping, like sgectra
structure, formants, or HIST features [11]. These addition
features would allow us to extend the proto object concept
to more types of scenarios. We also plan to extend the

is very high (2.4° average error and 77% correct) and theroto object based localization to 2D, combining binaural
target is never lost. Note that this process is iterative arghd spectral cues as described in [12]. Audio proto objects
based only on the measured position. Most of the time thean be combined with visual proto objects [10] since their

system can correctly estimate the number and position
sound sources.

efructure is similar. Both types of proto objects have a
specific position in time and contain compressed feature
representations. Combining the two modalities on the proto

C. Filtering of environmental sounds

Another application of the audio proto object concept is
the filtering of environmental sounds. We recorded sounds o
our humanoid robot Asimo while it was powered up. Sounds
are of two types: environmental sounds like mouse-clicks,
footsteps or door slamming, which the robot is supposed to
ignore, and speech directed to the robot, to which the robop;
should orient to. Audio proto objects were extracted foihbot
databases and feature values for the two sound categories

object level could lead to some interesting applications.
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