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Abstract
Human sound-localization in sagittal planes (SPs) is based on spectral cues. These cues are described by head-related transfer functions (HRTFs) in terms of a linear time-invariant (LTI) system. It is
assumed that humans learn to use their individual HRTFs and assign
direction to an incoming sound by comparison with the internal HRTF
representations. Existing SP localization models aim in simulating this
comparison process to predict a listener’s response in SPs to an incoming sound. Langendijk and Bronkhorst (2002, JASA 112:1583-96) presented a probabilistic model to predict localization performance in the
median SP. In this thesis this model has been extended by incorporating more physiology-related processing stages, introducing adaptation
to the actual bandwidth of the incoming sound as well as to the listener’s individual sensitivity, and allowing for predictions beyond the
median SP by implementing binaural weighting. Further, a stage to retrieve psychophysical performance parameters such as quadrant error
rate, local polar error, or polar bias from the probabilistic model predictions has been developed and applied to predict experimental results
from previous studies. The model has been also applied to evaluate
and optimize a subband approximation technique for HRTFs, a computationally efficient method to render virtual auditory displays. The
localization-model and subband approximation results are discussed,
in particular in the light of the cost function used for the subband
approximation.
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Kurzfassung
Die menschliche Schallquellenlokalisation in Sagittalebenen basiert auf
spektralen Merkmalen. Diese Merkmale werden in Form von Außenohrübertragungsfunktionen (eng.: head-related transfer functions,
HRTFs) als lineare zeitinvariante Systeme erfasst. Man vermutet,
dass Menschen lernen, ihre individuellen HRTFs zu verwenden und
einem einfallenden Schallsignal eine Richtung zuweisen, indem die
Signale mit den internen Repräsentationen ihrer HRTFs verglichen
werden. Existierende Lokalisationsmodelle für Saggitalebenen versuchen, diesen Vergleichsprozess nachzubilden, um die Richtungszuweisung eines Schallsignals individuell vorhersagen zu können. Da jedoch
das Antwortverhalten keineswegs deterministisch ist, haben Langendijk und Bronkhorst (2002, JASA 112:1583-96) ein probabilistisches
Modell zur Vorhersage von Lokalisationsleistung in der Medianebene vorgestellt. Im Rahmen dieser Arbeit bildete dieses Modell die
Grundlage für weitere Untersuchungen. Das Modell wurde erweitert
durch Einbindung von physiologisch motivierten Verarbeitungsstufen,
durch Anpassungsfähigkeit bzgl. der tatsächlichen Bandbreite des einfallenden Schallsignals sowie bzgl. der individuellen Sensitivität des
Hörers und durch die Verallgemeinerung des Modells auf beliebige
Saggitalebenen mit Hilfe von binauraler Gewichtung der Ohrsignale. Weiters wurde für das probabilistische Modell eine Extraktionsstufe von psychoakustischen Leistungsparametern wie QuadrantenfehlerRate, lokaler polarer Fehler oder polare Tendenz entwickelt und zur
Vorhersage experimenteller Resultate von Vorgängerstudien angewendet. Das Modell wurde außerdem dazu verwendet, eine SubbandApproximationsmethode von HRTFs zu evaluieren und optimieren. Besonders in Hinblick auf binaurale Auralisation besticht diese Methode durch Recheneffizienz. Das Lokalisationsmodell und die Resultate der Subband-Approximationsmethode werden diskutiert, wobei ein besonderes Augenmerk auf die Kostenfunktion der SubbandApproximationsmethode gelegt wird.
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Chapter 1
Introduction: The role of spectral cues
in sound-source localization
The human auditory system is an amazing sensor according to its sensibility, its huge
operating range and its ability to localize sound sources. Binaural cues like the interaural time and level differences (ITDs/ILDs) are basically used to determine the lateral
direction of a sound. According to the duplex theory (Lord Rayleigh, 1907; Wightman
and Kistler, 1992; Macpherson and Middlebrooks, 2002), ITDs dominate ILDs for lowfrequency sounds (< 2 kHz) and vice versa for high frequencies (> 2 kHz). However,
cue-competing experiments have shown that ITDs are usually most important for the
lateralization of broadband sounds. The surface of a cone centered at the interaural axis,
usually known as cone-of-confusion, describes the determined set of source locations due
to binaural cues only. To determine the specific position on this cone, monaural spectral
cues described by head-related transfer functions (HRTFs), are known to contribute to
sound localization in sagittal planes (SPs), i.e., vertical planes which pass the body from
front to back (Macpherson and Middlebrooks, 2002). Consequently, these cues are not
only relevant for the perception of the sound elevation (up/down), but also allow to
discriminate front from back and to externalize the source. Externalization denotes the
ability to perceive the auditory image out of the head and to assign distance to it. If
sounds are filtered with individual HRTFs and presented to the listener via binaural
playback device, i.e., headphones or transaural systems, virtual sources can be localized
as real auditory images (Wightman and Kistler, 1989).
In correspondence with the rather independent processes of lateralization due to binaural
disparity and polarization based on spectral cues (Macpherson and Middlebrooks, 2002),
the horizontal-polar coordinate system is preferred to describe issues concerning sound-
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Figure 1.1: Definition of horizontal-polar coordinate system and its denotation
for sound-source localization, from (Majdak, 2002).

source localization. For further considerations, let φ ∈ [−90◦ ,90◦ [ and θ ∈ [−90◦ ,270◦ [,
with the reference axes and rotational directions shown in Figure 1.1, denote the lateral
and polar angle, respectively.
Although spectral cues are processed monaurally (Wightman and Kistler, 1997b), in
most cases, the information of both ears contribute to the perceived location (Morimoto,
2001; Macpherson and Sabin, 2007). Thereby, the ipsilateral ear, i.e., the one closer
to the source, is dominant and its relative contribution increases monotonically with
ascending lateralization. However, if the lateral deviation is larger than about 60◦ , the
contribution of the contralateral ear becomes negligible.
Since HRTFs play a fundamental role in SP localization, this introductory chapter describes how individual HRTFs are measured, how they are processed and which essential properties they have. Then, by summarizing the results from previous studies, it is
shown which spectral details of HRTFs are perceptible and which ones actually affect
localization. In chapter 2 this knowledge is used to enhance a model to predict SP localization performance, which is based on individual HRTFs. Although, this model is
able to roughly predict results from previous localization experiments, its limitations are
pointed out and suggestions for further investigations are outlined. As spectral cues are
represented by HRTFs in terms of a linear time-invariant (LTI) system, binaural audio
applications can profit from a subband encoding technique described in chapter 3. Rendering virtual auditory displays with subband encoded HRTFs can be computationally
very efficient, especially for complex audio scenes. However, this technique is still in the
development stage and has not been evaluated, yet. To this end, the SP localization
model is applied to evaluate and optimize it.

1.1 Head-related transfer functions

1.1

3

Head-related transfer functions

An HRTF characterizes how a sound source in free field is filtered acoustically on its
transmission path to the eardrum. This characteristic depends on the actual location
of the source. Influencing factors are the torso, the head, and especially the pinna.
Whereas torso reflections and head diffractions affect the incoming sound at frequencies
above around 700 Hz, pinna diffractions start affecting at about 3 − 5 kHz, where the
wavelength becomes comparable to pinna dimensions (Algazi et al., 2001a).
Magnitude spectra of HRTFs as a function of the polar angle in the median sagittal plane
(MSP) are shown in Figure 1.2 for two subjects. In the frequency range below 5 kHz
arc shaped features due to torso reflections are dominant. This property is very similar
for all HRTFs. At higher frequencies, where pinna cues are dominant, only little differences occur between left (upper panel) and right (lower panel) ear HRTFs. However,
there are big differences between subjects (Middlebrooks, 1999a). Furthermore, smooth
trajectories of pinna spectral notches for various polar angles are clearly visible (Raykar
et al., 2005). These notches show depths of about 25 dB (Shaw and Teranishi, 1968)
and can have bandwidths relative to center frequency (Q-factor) up to 2 (Moore et al.,
1989).
Figure 1.3 shows the variation of monaural HRTF magnitude responses along the MSP
for the example of listener NH58’s left ear. The standard deviation (gray) shows that
spatial variation increases with frequency. Between 0.7 − 5 kHz the amount of variation
stays constant with a standard deviation of about ±2 dB. For higher frequencies the
deviation increases rapidly to about ±5 dB and shows a maximum of about ±8 dB
between 12 − 16 kHz. As SP localization cues are assumed to be encoded in this
variation, it is also assumed that higher frequency ranges which show more variation
are more important than lower ranges. Reasons for the shape of the mean curve will be
given in section 1.1.2.

1.1.1

HRTF measurement procedure

Due to the distinct individuality shown before, measuring listener-individual HRTFs is
very important. At the Acoustics Research Institute (ARI), HRTFs are measured in a
semi-anechoic chamber with 22 loudspeakers mounted on an arc (Majdak et al., 2010).
As shown in Figure 1.4(a), surfaces of the measurement device are covered with acoustic
damping material to reduce the intensity of reflections. HRTFs are measured at the
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(a) Subject NH12.

(b) Subject NH58.
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Figure 1.2: Magnitude responses of HRTFs as a function of the polar angle in
the MSP. Magnitudes in dB are encoded according to the color bar
in (c).
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Figure 1.3: Variation of NH58’s left-ear HRTFs along the MSP. Gray area denotes
±1 standard deviation.

1.1 Head-related transfer functions
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blocked-meatus (Shaw and Teranishi, 1968), i.e., a miniature microphone is positioned at
the entrance of the blocked ear canal. Thus, the direction independent transmission path
of the ear canal is not captured. During the measurement procedure the subject is seated
in the center of the arc and is rotated horizontally in steps of 2.5◦ , c.f. Figure 1.4(b). The
resulting sampling of elevation is restricted from −30◦ to 80◦ with a regular resolution
of 5◦ , except for a gap between 70◦ and 80◦ . Although the multiple-exponential sweep
method (Majdak et al., 2007) is used, measuring the HRTFs for all 1550 positions needs
about 20 minutes. Since unintended changes of head position and orientation are usual
in such a time period, the subject is monitored with a head tracker. If the subject leaves
a certain valid range, the measurements for that actual azimuthal position are repeated.
With this setup HRTFs can be measured above 400 Hz, c.f. high-pass characteristic in
Figure 1.3. The HRTF measurement database of the ARI is freely accessible online (ARI,
2012).

(a) Profile of measurement setup.

(b) Scematic top view of measurement
positions.

Figure 1.4: HRTF measurement setup of the ARI.

1.1.2

HRTF postprocessing

Bandwidth extension. Although low frequency content below about 700 Hz is irrelevant for SP localization, this range is important for binaural audio applications
in terms of timbre. As HRTFs can be only measured above 400 Hz at the ARI,
the actual bandwidth has to be extended by boosting the magnitude in the low frequency range. To this end, the method proposed by Ziegelwanger (2012) was applied
to obtain the bandwidth extended version b(eıω ) = |b(eıω )| · eıϕb (ω) of the reference
HRTF a(eıω ) = |a(eıω )| · eıϕa (ω) . For cross-fades in the range from ω1 to ω2 , he adapted

6
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the generalized logistic curve (Richards, 1959) with ω as independent variable:



H(ω)


C(ω) = H(ω) L(ω)−H(ω)
1+e−(ω−ω1 )K



L(ω)

, for ω < ω1 ,
, for ω1 ≤ ω ≤ ω2 ,

(1.1)

, for ω > ω2 .

6
denotes the growth rate, L(ω) the lower asymptote, and H(ω) the
where K = ω2 −ω
1
higher asymptote. The method is divided into four subsequent processing steps and
· 0.5 kHz and ω2 = 2π
· 2 kHz, respectively.
the corner frequencies were set to ω1 = 2π
fs
fs
First, the time of arrival (TOA) is removed from the head-related impulse response
(HRIR) a[n] = F −1 {a(eıω )} by cyclically shifting a[n] according to Ziegelwanger (2012).
Second, cross-fading is applied between |a(eıω )| and the mean magnitude

1
|aω1 ,ω2 | =
ω2 − ω1

Zω2

|a(eıω )|dω ,

ω1

of the range to obtain |b(eıω )|, i.e., L(ω) = |a(eıω )|, H(ω) = |aω1 ,ω2 |, and C(ω) = |b(eıω )|.
Third, the minimum phase ϕmin (ω) corresponding to |b(eıω )| is computed. Fourth,
cross-fading is applied between ϕa (ω) and ϕmin (ω) to obtain ϕb (ω), i.e., L(ω) = ϕa (ω),
H(ω) = ϕmin (ω), and C(ω) = ϕb (ω).

Directional transfer functions. Measured HRTFs contain also characteristics which
are direction independent, as shown in Figure 1.3, and include influencing factors like
measurement equipment or room reflections. This can be represented by the common
transfer function (CTF) c(eıω ) = |c(eıω )| · eıϕc (ω) , which shows roughly a first order lowpass characteristic, i.e., a decrease of −12 dB per octave, at 4 − 12 kHz. Let bv (eıω )
for all v = 1, · · · ,Nv denote the monaural HRTFs (bandwidth extended or not) of all
Nv = 1550 measurement positions, then, according to the procedure of Middlebrooks
(1999a), the magnitude response |c(eıω )| of the CTF is calculated as
ıω

|c(e )| = 10

1
Nv

N
v
P
v=1

log10 |bv (eıω )|

.

(1.2)

The phase ϕc (ω) of the CTF is assumed as the minimum phase. Directional transfer
functions (DTFs) gv (eıω ) are calculated by filtering the HRTFs with the inverse complex CTF:
bv (eıω )
.
(1.3)
gv (eıω ) =
c(eıω )

1.2 Spectral feature analysis
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DTFs are commonly used for SP localization experiments with virtual sources (Middlebrooks, 1999a; Majdak et al., 2010), because by pronouncing the high frequency
content the subject’s sensitivity increases (Best et al., 2005; Brungart and Simpson,
2009). Previous studies at the ARI have shown that using these DTFs in SP localization experiments results in good localization performance (Majdak et al., 2007; Goupell
et al., 2010; Majdak et al., 2010).

Truncation of impulse response. HRTFs, CTFs and DTFs are usually stored as
discrete-time finite impulse responses (FIRs) denoted as HRIRs. The CIPIC database
(Algazi et al., 2001b) and the ARI database (ARI, 2012), truncate HRIRs to a length of
200 samples at sampling rate fs = 44.1 kHz (i.e., 4.5 ms) and 256 samples at fs = 48 kHz
(i.e., 5.3 ms), respectively. This truncation is uncritical, as Senova et al. (2002) has
shown that SP localization was not significantly deteriorated if HRIRs, with ITDs (max.
±0.5 ms) removed, were truncated to about 1 ms.

1.2

Spectral feature analysis

Rakerd et al. (1999) tested whether identifying broadband sounds is more difficult if the
location of the source in the MSP is uncertain. To this end, subjects were asked to identify one of two sounds which differed only in the center frequency of attenuated (−10 dB)
or boosted (+10 dB) 2/3-octave bands and were 2/3-octave apart from each other. If
both sounds were presented from the same direction, the identification performance of
all subjects was very good. By roving the location, the performance deteriorated for
all subjects if the mean frequencies of the paired, modified bands were above 4 kHz,
i.e., timbre cues were mixed with pinna spectral notches. However, if the subjects were
asked to locate the source, performance was very listener-individual and independent of
the mean frequency. Especially the subject-specific performance indicates that identifying or discriminating local modifications in the source spectrum on the one hand and
localizing sources in the MSP on the other hand are two different processes.
Having this in mind, the following summary of studies, which are all motivated by
SP-localization, is separated according to whether conclusions are drawn from discrimination (section 1.2.1) or localization (section 1.2.2) experiments. In discrimination
experiments also cues like timbre can be used in the task.
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Detection of spectral cues

Moore et al. (1989) as well as Alves-Pinto and Lopez-Poveda (2005) examined the perceptibility of local modifications in broadband noise. Both studies investigated, among
others, detection thresholds for a notch located at 8 kHz and report large inter-individual
differences. Regarding pinna spectral notches, Moore et al. (1989) showed that changes
in the center frequency of the notch were harder to detect for two successive steady
sounds than for a dynamic sound, e.g. due to moving the source or the head. Note
that this effect could be only observed for notches at 8 kHz, but neither for peaks at
8 kHz nor for peaks and notches at 1 kHz. Changes in center frequencies (∼ 4%) of
pinna notches between minimal audible angles (4◦ ) of localizing sources in the frontal
MSP were shown to be in accordance with detection thresholds (∼ 5%). Alves-Pinto
and Lopez-Poveda (2005) further showed that the threshold of spectral notch depth was
rather independent of relative bandwidths up to Q = 8, but decreased with shortening
the stimulus and was worst for levels at about 75 dB, the largest level tested.
Kulkarni and Colburn (1998), Kulkarni et al. (1999), as well as Kulkarni and Colburn
(2004) modified macroscopic features of HRTFs. Kulkarni et al. (1999) showed that subjects were not able to discriminate empirical HRTFs from HRTFs with minimum phase
approximation. Furthermore, also spectral details in the magnitude were negligible up
to a certain amount. HRTFs were spectrally smoothed without introducing audible artifacts until the resulting frequency resolution became bigger than about 750 Hz (Kulkarni
and Colburn, 1998). To illustrate the effect of this spectral smoothing procedure, Figure 1.5 shows how measured DTFs (Reference) are modified by cepstral lifting and in
comparison how HRIR truncation (Senova et al., 2002) with the same resulting frequency resolution (∼ 750 Hz) affects the DTFs. Truncating causes greater differences at
spectral peaks, whereas lifting causes greater differences at notches, c.f. Figure 1.5(a),
however, both modifications preserve the trajectories of the pinna spectral notches, c.f.
Figure 1.5(b). Moreover, Kulkarni and Colburn (2004) could reduce individual HRTFs
to a composition of six resonances and six antiresonances (6-pole-6-zero TFs) and subjects were still not able to discriminate virtual sources encoded with these HRTFs from
sources encoded with the original ones.

1.2.2

Spectral cues for localization

Previous localization experiments showed that spectral cues are the major factor for
listeners’ responses in SPs to an incoming sound. However, how exactly these cues

1.2 Spectral feature analysis
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(a) Single DTF example.

(b) DTFs as function of polar angle in the MSP.

Figure 1.5: Effect of truncating or lifting DTFs with equivalent resulting frequency resolutions of about 750 Hz for the example of NH5’s left-ear
DTFs. All other conventions are as in Figure 1.2.

10

Chapter 1. Introduction

affect the localization, could not be clarified, yet. For example, Hofman and Opstal
(2002) aimed in reconstructing spatially relevant features via localization experiments
in order to find a direct link between HRTF features and localization cues. However,
their Bayesian approach in the experimental limits the interpretation of their results.
Iida et al. (2007) proposed a parametric modeling of HRTFs by composing the magnitude spectra with only one peak and two notches individually located according to the
subject’s HRTFs. However, the exact methodology is unclear and conclusions are based
on experiments with only one subject.
It is known that narrow band signals evoke distinct perception of sound elevation as a
function of center frequency (Blauert, 1974; Middlebrooks and Green, 1992) and that a
higher spectral centroid is associated with higher elevation, known as the Pratt effect,
especially if uncertainty about the spatial position occurs (Carlile et al., 1999; Algazi
et al., 2001a; Hartmann et al., 2010). These observations can be somehow related to
local HRTF features (Middlebrooks and Green, 1992).
For accurate SP localization of broadband sounds, high frequency content in the range of
pinna spectral notches is very important (Asano et al., 1990; Best et al., 2005; Brungart
and Simpson, 2009). However, also low frequency cues due to head and torso affect
SP localization performance (Asano et al., 1990; Carlile et al., 1999; Algazi et al., 2001a).
Carlile et al. (1999) showed for example that using noise bursts high-passed at 2 kHz,
leads to deteriorated SP localization accuracy for targets located at rear lateral positions.
Single adequate bands for accurate SP localization seem not to exist, not even for
simple front-back judgments (Zhang and Hartmann, 2010), however, missing cues in
local frequency ranges of about half an octave are irrelevant (Langendijk and Bronkhorst,
2002).

11

Chapter 2
Sagittal-Plane Localization Model
Since several decades binaural models to predict sound-localization performance in the
horizontal plane have been developed, however, sagittal-plane (SP) localization models
for the prediction of subject’s responses to an incoming sound received little attention.
According to its degree of physiological detail and its field of application SP localization
models can be divided into two branches.
On the one hand, artificial neuronal networks (ANN) model the activity of single neurons
in the auditory system (Jin et al., 2000). These neural system identification models have
to be trained with huge datasets to provide reasonable results. They are useful to identify
spectral cues or to gain insights into spatial decoding strategies, especially for medical
innovations.
On the other hand, models like the one developed in this thesis use a more functional
approach. The stages of human physiology are more abstract and these models aim at
directly predicting the spatial perception, more precisely, the listener’s polar judgment
in consequence of an incoming sound. Consequently, functional models are helpful to
explain psychoacoustic phenomena or to assess spatial audio systems without running
costly and time-consuming experiments.
The spectro-spatial mapping of functional models is implemented as a comparison of
internal representations of the incoming sound with an internal template of the listener’s
own DTFs, c.f. Figure 2.1. This internal template is assumed to be memorized in terms
of a learning process (Hofman et al., 1998; van Wanrooij and van Opstal, 2005; Walder,
2010). Notice that this kind of models is based on individual HRTF measurements, i.e.,
only acoustical data. By applying a peripheral processing stage, the internal represen-
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tations are built in a more or less physiology-related manner which are compared in a
following decision stage. For this comparison process it is assumed that the template
consists of DTFs within the correct SP, i.e. lateral localization errors are neglected. As
processing is performed independently, i.e., monaurally, for both ears, the decision stage
applies binaural weighting to adjust the relative contribution of each ear to the resulting prediction of polar response. A brief review of template-based comparison models
is given in the following section.
Decision Stage
Incoming R
Sound
L

DTF

Peripheral
Processing

Comparison
Process

Binaural
Weighting

Response
Angle

Internal Template
SP-DTFs

Peripheral
Processing

Figure 2.1: Basic structure of template-based comparison models for predicting
SP localization performance.

2.1

Overview of existing template-based comparison
models

One of the first attempts to model SP sound localization based on the L1 -norm of
inter-spectral differences referred to an internal template were made by Zakarauskas
and Cynader (1993). Under the assumption of smooth spectra of natural sound sources,
they proposed the second derivative of the HRTF magnitude spectrum to be an adequate
mathematical operator for describing spectral cue analysis in the auditory system. The
peripheral physiology was roughly modeled using a parabolic-filter bank with equal
relative bandwidths. However, conclusions were only based on theoretical considerations
and simulations with speech samples, but have not been validated in psychophysical
experiments.
In order to find optimal frequency scaling factors for customizing non-individual HRTFs,
Middlebrooks (1999b) has used the variance of inter-spectral differences as distance criterion. As the variance operator denotes a centered moment, this criterion is independent
of differences in overall level. To obtain the solid lines of Figure 2.2, the distance between a specific target DTF and the subject’s own DTFs polar angles corresponding to
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11 listeners were tested with 1–4 sets of DTFs from other subjects for a total of 21 cases in the other and scaled
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target at a single location: lateral !20°, polar !21° !20° to
the left, 21° below the horizon in front". In each figure, the
target location is indicated by a dashed vertical line, and the
listener’s localization judgements are indicated by triangles.
The same listener !S25" localized using DTFs from a larger
subject !S27, Fig. 14" and from a smaller subject !S35, Fig.
15". The proximal stimulus in each case was synthesized
with the other-ear DTF for !20°, !21°, either unscaled !upper panels" or scaled !lower panels". Each plot shows the

FIG. 14. Polar localization judgements related to variance in DTFs. Localization of a virtual target at left 20°, polar !21° is shown for listener S25
using DTFs from a larger subject, S27. The curve in each plot represents the
variance of the difference spectrum between the DTF that was used to
synthesize the target !i.e., S27’s DTF for !20, !21°" and the listener’s own
DTFs at each of a range of polar angles at lateral 20°. Vertical dashed lines
indicate the target location. Triangles indicate the localization judgements,
in some cases displaced upward to avoid overlap. In A, the target DTF was
used unscaled. In B, it was scaled upward in frequency by a factor of 1.22.

FIG. 17. Influence of frequency scale factors on cues for localization in
polar dimension. Data are from trials in which listener S40 localized virtual
targets at 0°, !40° using his own DTFs scaled in frequency by 1.17 "A#,
1.00 "B#, and 0.854 "C#. Other conventions as in Fig. 14.
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(a) Polar localization judgements.

John C. Middlebrooks: Customized HRTFs for virtual localization
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or smaller subject, respectively. For that reason, localization
with DTFs scaled by various amounts simulates localization
with DTFs from a continuum of other subjects. Figure 17
represents one listener who localized with his own DTFs
scaled in frequency by three scale factors. In each case the
target was on the frontal midline at !40° elevation. The
curves in each panel plot the variance in the difference spectrum between the listener’s DTF for !40° elevation, scaled
by the stated amount, and the listener’s unscaled DTFs for a
range of locations in the vertical midline. The vertical dashed
line indicates the target location, and the filled triangles indicate the listener’s four responses in each condition. When
the scale factor was one !Fig. 17"B#$, the variance was zero
at the target location, and the listener’s responses fell slightly
above that elevation. In that panel, one can see a second, less
deep, minimum in the variance plot located in the rear,
around 160°, but none of the listener’s responses fell there.
As the stimulus DTF was scaled to a lower frequency !Fig.
17"C#$ the variance for DTFs at frontal locations grew larger
than that in the rear, and the minimum in the variance plot at
rear locations became the overall minimum. In that condi-

III. DISCUSSION

The results that have been presented support two main
conclusions. First, consistent with previous observations,
sound-localization accuracy is degraded when listeners listen
to targets synthesized with DTFs measured from ears other
than their own. The results extend the previous observations
by demonstrating particular patterns of errors that result from
use of DTFs from larger or smaller subjects. Listeners
showed systematic overshoots or undershoots in the lateral
dimension when listening through DTFs from larger or
smaller subjects, respectively. In the polar dimension, when
listeners localized with DTFs from larger subjects, they
tended to localize down-front targets to down-rear and they
tended to localize up-rear targets to up-front. When listeners
localized through DTFs from smaller subjects, the most conspicuous error was a tendency to displace low targets upward. Possible explanations for those patterns of errors are
considered in Sec. III B. Second, the results support the
working hypothesis that, when a listener localizes through
other subjects’ DTFs, his or her virtual localization can be
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the abscissa axis is evaluated. For the upper panel A of Figure 2.2(a), a subject had to
localize a virtual source at a polar angle of −21◦ (dashed line) encoded with the DTF
of another subject (Other-Ear Condition). For the lower panel B, the same subject had
to localize the same virtual source, but now encoded with a frequency scaled, i.e., customized, version of the other subject’s DTF (Scaled-Ear Condition). What happened if
the subject’s own DTFs were scaled by factors of 1.17, 1, and 0.85, respectively, is shown
in Figure 2.2(b). In all these cases, (local) minimums of the distance metric coincide
with the subject’s polar localization judgments (triangles).
In Bremen et al. (2010), template-based comparison with the standard deviation of interspectral differences as distance criterion (i.e., the square root of the criterion proposed
by Middlebrooks (1999b)) has been applied to model source separation in the MSP. For
simplicity modeling is performed only for the right ear. To approximate peripheral processing they applied "log-(dB) transformation" (Bremen et al., 2010, p. 4) on magnitude
spectra over a frequency range from 3 to 12 kHz, however, it is not specified how this
transformation was applied exactly. Furthermore, they scaled the standard deviations
to obtain normalized similarity indices ranging from 0 to 1. Since no mapping function
is specified, linear scaling is assumed. By using normalized histograms, c.f. Figure 2.3,
they have shown that in free-field localization experiments, subjects (DB, MW, PB, and
RM) response at polar angles most often, where the model results in large similarity
indices (SIs).

Figure 2.3: Normalized histograms of similarity indices (SIs) evaluated at polar response judgments of all the four subjects (DB, MW, PB, RM)
involved in free-field localization experiments in the MSP, from (Bremen et al., 2010, Figure 10).

Langendijk and Bronkhorst (2002) extended these template-based comparison models
by mapping internal distances to response probabilities and used it to explain results
from virtual localization experiments with flattened HRTF regions in the median sagittal
plane (MSP). Since presented results are very promising and the implementation of the
model is well described in Langendijk and Bronkhorst (2002), this probabilistic modeling
approach is used as starting point for further investigations.

2.2 SP localization model from Langendijk and Bronkhorst (2002)

2.2
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The SP localization model proposed by Langendijk
and Bronkhorst (2002)

The proposed implementation of the SP localization model by Langendijk and Bronkhorst
(2002), introduce some simplifications of the general principle shown in Figure 2.1. So
they did not assume any kind of stimulus, i.e., the model considers only stationary
broadband sounds. The peripheral processing stage was modeled by simply averaging
the magnitudes of the discrete Fourier transform (DFT) to obtain a constant number of
bands per octave. Since localization performance is only modeled for the MSP, binaural
weighting is considered as averaging the results from both monaurally processing paths.
Furthermore, likelihood statistics, which are explained in subsection 2.2.2, were evaluated to estimate the impact of experimental conditions and to optimize parameters of
the model. These parameters included the number of bands per octave, the order of
derivatives (Zakarauskas and Cynader, 1993), the distance criterion (standard deviation
and cross-correlation coefficient), and a scaling factor s for internal distance mapping.
They found six bands per octave, no differentiation (zero order), the standard deviation
as distance criterion and a scaling factor of s = 2 to be most successful. The following
subsection 2.2.1 describes its functional principle, whereby only the proposed setting is
considered. Furthermore, the reimplementation is validated in subsection 2.2.3.

2.2.1

Functional principle

Let θi ∈ [−90◦ , 270◦ [ for all i = 1, · · · ,Nr and ri [n] = r[n,θi ] ∈ L2 denote the polar angles
of all available individual DTFs on the MSP and its corresponding impulse responses,
respectively. Further, let t(ϑ) [n] ∈ L2 denote the binaural target DTF corresponding to
the specific polar target angle ϑ ∈ [−90◦ , 270◦ [ in the MSP.
Figure 2.4 shows the block diagram of the probabilistic MSP localization model proposed
in Langendijk and Bronkhorst (2002). The model aims in predicting the listener’s polarresponse probability p[θi ; ϑ] to the virtual target source t located at ϑ. To this end, the
peripheral processing stage replaces the DTFs by its internal representations, which,
are evaluated by the following decision stage consisting of three subsequent parts: comparison process, mapping to similarity indices (SIs), and normalization of the binaural
average. As processing is performed monaurally until the information of both binaural
channels is combined in the last stage, the following description of the monaural stages
neglects channel indexing.
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Figure 2.4: Block diagram of probabilistic MSP localization model proposed
by Langendijk and Bronkhorst (2002).

The peripheral processing stage is implemented as DFT with constant relative
bandwidth, i.e., approximates a filter bank with constant Q-factor (CQ-DFT). To this
end, the dB-magnitudes of the NDFT -point DFT are averaged within sixth octave bands
in terms of root mean square (RMS). The internal representation χ̃[b] of χ(eıω ) =
F {χ[n]} at frequency band b = 1, · · · ,Nb is given by (Langendijk and Bronkhorst,
2002, Eq. (A1))

χ̃[b] = 10 log10

1
kc [b + 1] − kc [b] − 1

kc [b+1]−1

X
k=kc [b]

χ(eıω )|ω=

2
2πk
NDFT

,

(2.1)

m
l b−1
where kc [b] = 2 6 ff0s NDFT denotes the lower corner bin of the b-th sixth octave band
and fs denotes the sampling
rate.
j
k Only the frequency range from f0 to fend is considered,
fend
which yields Nb = 6 log2 f0 bands in total. This processing is applied to obtain the

internal target representation t̃(ϑ) [b] of the target DTF t(ϑ) (eıω ) = F t(ϑ) [n] and the
internal template r̃i [b] of the individual set of DTFs ri (eıω ) = F {ri [n]}, respectively.
Note that from Langendijk and Bronkhorst (2002) it is not clear if the representations
are really processed in decibels, however, logarithmic amplitude scaling has been already
mentioned in their previous publication Langendijk et al. (2001). Assuming scaling in
decibels, indeed, we could validate their results, c.f. subsection 2.2.3. Note also that
neither the DFT length NDFT nor the limitation of the represented frequency range are
clear from Langendijk and Bronkhorst (2002). We used NDFT = 4096 at a sampling rate
of fs = 48 kHz, f0 = 2 kHz, and fend = 16 kHz for validation.

The decision stage incorporates multiple processing steps to model the behavior
of the auditory system in a functional manner. Essential steps are also illustrated in
Figure 2.5 for an implementation example with the target located at ϑ = −30◦ .
(ϑ)

For the comparison process, first, the inter-spectral differences (ISDs) d̃i [b] between
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the internal template r̃i [b] corresponding to the polar angle θi and the target representation t̃(ϑ) [b] are evaluated:
(ϑ)
d̃i [b] = r̃i [b] − t̃(ϑ) [b] .
(2.2)
Figure 2.5(a) shows the ISDs with the ISD corresponding to the target angle marked
red.
(ϑ)

Second, the Nb bands of each d̃i [b] are joined by evaluating its standard deviation
(ϑ)
(STD) z̃i (Langendijk and Bronkhorst, 2002, Eq. (A8)):
(ϑ)

z̃i

v
u
Nb 
2
u1 X
(ϑ)
(ϑ)
t
d̃i [b] − d̃i [b] ,
=
Nb b=1

(ϑ)

(2.3)

(ϑ)

with d̃i [b] denoting the arithmetic mean of d̃i [b] over the bands b. Whereas the target
angle is hardly visible in the ISDs of Figure 2.5(a), the STDs in Figure 2.5(b) show a
distinct minimum at the target angle.
For the internal similarity index (SI) p̃[θi ; ϑ], the normal probability density function ϕ (x; µ,σ 2 ) with mean µ = 0 and standard deviation σ = s = 2 is used to map
(ϑ)
z̃i into a co-domain bounded by zero and one (Langendijk and Bronkhorst, 2002,
Eq. (A7)):


(ϑ)
2
p̃[θi ; ϑ] = ϕ z̃i ; 0 , s .
(2.4)
Now, monaural information is combined in the decision process. Binaural channels are
denoted by the boolean parameter ζ ∈ {L, R}. So the comparison process of the left and
right ear results in p̃[θi ,L; ϑ] and p̃[θi ,R; ϑ], respectively. A simple binaural weighting is
applied by averaging p̃[θi ,L; ϑ] and p̃[θi ,R; ϑ], which is justified because only the MSP
is considered,. Thus, the internal binaural distance p̃bin [θi ] is given by
p̃bin [θi ; ϑ] =

p̃[θi ,L; ϑ] + p̃[θi ,R; ϑ]
.
2

(2.5)

Let assume that θi is a random variable and that the binaural internal distance is a
proportional metric to the subject’s polar-response probability to a target at ϑ. Then,
normalizing the sum of the internal distances over all θi to one, yields a probability mass
vector (PMV) corresponding to the subject’s polar-response distribution. Hence, θi is
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interpreted as response angle and the predicted response PMV p[θi ; ϑ] is given by
p[θi ; ϑ] =

p̃bin [θi ; ϑ]
Nr
P

.

(2.6)

p̃bin [θι ; ϑ]

ι=1

Note that the semicolon is used to separate the random variable θi from the given target
angle ϑ.

(a) ISDs as a function of polar angle with
target angle marked.

(b) STD of ISD.

(c) Mapping function of SI.

(d) Normalization to PMV.

Figure 2.5: Monaural processing steps of the decision stage evaluated for a baseline target at ϑ = 0◦ .

A prediction matrix can be generated by evaluating predictions for different target angles
of the MSP. Let ϑj ∈ [−90◦ , 270◦ [ for all j = 1, · · · ,Nt and tj [n] = t[n,ϑj ] ∈ L2 denote
the polar angles of all target DTFs on the MSP and its corresponding impulse responses,
respectively. Then, the predicted probability of a subject’s response at θi to a target
located at ϑj is denoted as p[θi ; ϑj ].
For the baseline prediction, i.e., prediction of the performance when using listener’s own
DTFs, all available individual DTFs of the MSP are used as targets, i.e., ti [n] = ri [n]
and ϑi = θi for all i = 1, · · · ,Nt with Nt = Nr . In Figure 2.6, the resulting baseline
prediction matrix for the example of subject NH5 is shown with two different graphic
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representations. The waterfall plot in Figure 2.6(a) emphasizes the independence of
predictions for different target angles, whereas the representation shown in Figure 2.6(b)
uses color-encoding of probabilities and allows for good visual comparison between the
prediction and response patterns obtained from actual localization experiments.

(a) Interpolated waterfall plot.

(b) Graphic representation used furtheron.

Figure 2.6: Baseline prediction of the MSP localization model proposed in Langendijk and Bronkhorst (2002) for subject NH5. Predicted polarresponse PMVs as a function of target angle. Probabilities are encoded by color scale according to the color bar on the bottom right.

2.2.2

Likelihood statistics

Langendijk and Bronkhorst (2002) quantified the model performance by evaluating likelihood statistics. By multiplying the predicted probabilities associated with the actual
outcomes, the likelihood describes the model error, or more precisely, how much variation
is unexplained by the model, which is based on a categorical parameter set. Langendijk
and Bronkhorst (2002) used logarithmic likelihoods, i.e., they summed the logarithms
(ψ)
of the predicted probabilities to compute the model error. Let γλ ∈ {θ1 , · · · , θNr }
(ψ)
and ηλ ∈ {ϑ1 , · · · , ϑNt } for all λ = 1, · · · ,Nψ denote a subject’s polar response angles
and the corresponding polar target angles in experiment ψ with Nψ trials, respectively.

20

Chapter 2. Sagittal-Plane Localization Model

Then, the log-likelihood L(ψ) is given by (Langendijk and Bronkhorst, 2002, Eq. (1))
(ψ)

L

= −2

Nψ
X

h
i
(ψ) (ψ)
ln p γλ ; ηλ
.

(2.7)

λ=1

However, in most experimental localization paradigms, subject’s are able to respond
(ψ)
continuously in polar dimension, i.e., γλ ∈
/ {θ1 , · · · , θNr }. In this
 case p[θi ; ϑj ] is
(ψ) (ψ)
interpolated linearly. Note that for the same experimental data γλ ,ηλ , a lower
log-likelihood indicates a better fitting model.
In Langendijk and Bronkhorst (2002) three different types of log-likelihoods were evalu(a)
ated. The first one, the actual log-likelihood L(a) refers to polar responses γλ obtained
(a)
from an actual localization experiment, where Na targets were presented at ηλ .
The second one is the expected log-likelihood L(e) . Instead of using actual outcomes of
experiments, for this metric, virtual experiments are simulated. To this end,
h for each
i tar(ε)
(ε)
(ε)
get ηλ , a random response γλ is drawn according to the corresponding p θi ; ηλ . This
procedure is repeated Ne times (Ne = 100 in Langendijk and Bronkhorst (2002)), yielding a log-likelihood L(ε) for each run ε = 1, · · · ,Ne . Then, the expected log-likelihood L(e)
is defined by
Ne
1 X
L(ε) .
L(e) =
Ne ε=1
(ε)

(a)

In order to obtain comparable L(e) and L(a) , ηλ = ηλ and Nε = Na . Furthermore, the


99% confidence interval L(e) − ∆L(e) , L(e) + ∆L(e) of the estimation, i.e., the interval
which covers the expected log-likelihood in (1 − α) = 99% of all runs, is evaluated.
Assuming normal distribution of L(ε) , ∆L(e) is given by
∆L(e) = z1−α/2 ς ,
| {z }
2.58

with the 99%-quantile z1−α/2 according to the standard normal distribution and the
empirical standard deviation
v
u
u
ς=t

N

e
1 X
2
(L(ε) − L(e) ) .
Ne − 1 ε=1

It is assumed that the model predicts the actual responses sufficiently well if the actual


log-likelihood falls within this confidence interval, i.e., L(a) ∈ L(e) − ∆L(e) , L(e) + ∆L(e) .
In such cases, lower L(a) indicates better localization performance of the subject. Due
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to this relation, Langendijk and Bronkhorst (2002) used the likelihood statistics also for
evaluating the induced deterioration of localization performance in various experimental
conditions.
However, interpretations of the log-likelihoods are meaningful only in relation to a reference. Therefore, reference log-likelihoods are used to as references for further interpretah
i
(%)
tions. Four kinds of reference log-likelihoods referring to four different PMVs p% θi ; ηλ
for all % ∈ {1,2,3,∞} and λ = 1, · · · ,Nr were defined, namely, the unimodal, bimodal,
trimodal, and uniform chance PMVs. For simplicity, these log-likelihoods refer to Na tar(%)
gets located at a single position of 0◦ , i.e., ηλ = 0◦ for all λ = 1, · · · ,Na . Langendijk
and Bronkhorst (2002) defined the reference PMVs by applying the standard normal
distribution ϕ(x; µ,σ 2 ) (not the circular normal distribution (Park et al., 2009)) with
mean µ = µ% , whereby µ1 = 0◦ refers to correct responses to the front, µ2 = 180◦ to
front-back confusion, and µ3 = 90◦ to responses to the top. µ∞ is not defined. The standard deviation σ = 17◦ was chosen equivalently to the standard deviation of the local
polar error (polar RMS error with quadrant-errors removed, for details see section 2.4.1)
averaged across all targets and listeners of Langendijk and Bronkhorst (2002). Hence,
the reference PMVs p% [θi ; 0] are defined as

p% [θi ; 0◦ ] =

 %
P

ϕ(θi ;µ% ,σ 2 )


κ=1
N %

, for % = 1,2,3 ,

ι=1 κ=1



1

, for % = ∞ .

Pr P

ϕ(θι ;µ% ,σ 2 )

Nr

(%)

Then, reference log-likelihoods Lr are given by
L(%)
r

= −2

Na
X

ln p%

h

i

(%)
γλ ; 0

,

(2.8)

λ=1
(%)

where γλ denotes Na response angles generated in a similar way as that for the expected
(%)
log-likelihood, namely, by drawing a random sample γλ form the underlying p% [θi ; 0].
Since all the log-likelihoods depend on the number Nt of tested targets, log-likelihoods
are only comparable between subjects and experimental conditions if Nt is kept constant
in the experimental design, which is actually the case in Langendijk and Bronkhorst
(2002). In all other cases, this constraint can be resolved by normalizing all log(∞)
likelihoods to the reference log-likelihood Lr referring to chance performance.
Figure 2.7 shows the baseline prediction for subject NH5, his/her actual responses,
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Figure 2.7: Left panel: Prediction matrix (color-encoded) with actual responses
(open circles). Data are for subject NH5 and baseline condition.
Right panels: Original and normalized likelihood statistics showing the actual log-likelihood (bar), the expected log-likelihood (dot)
with its 99%-confidence interval (error bars), and the reference loglikelihoods (dashed lines). All other conventions are as in Figure 2.6(b).

and the likelihood statistics, the one used by Langendijk and Bronkhorst (2002) on
the left and the normalized one on the right. Each likelihood plot includes all three
types of likelihoods. The actual likelihood La is illustrated as bar plot, the expected
likelihood Le as a dot with error bars representing the 99% confidence interval and the
reference likelihoods as dashed horizontal lines. The lowest reference likelihood refers
to the unimodal distribution and others refer to the bimodal, the trimodal, and the
uniform distribution in ascending order.

2.2.3

Validation of reimplementation

As further investigation are based on the MSP localization model proposed in Langendijk and Bronkhorst (2002), we have validated our reimplementation by replicating
their results. To this end, the individual DTFs of their subjects would be required, but
they were not accessible. However, left-ear DTFs of the listeners P6 and P3 as a function
of polar angle on the MSP are illustrated in (Langendijk and Bronkhorst, 2002, FIG. 7),
c.f. Figure 2.8(a), and have been used to reconstruct their actual left-ear DTFs. For the
reconstruction, the grayscale of the bitmap has been decoded and smoothed by applying

2.2 SP localization model from Langendijk and Bronkhorst (2002)
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a moving average window along the horizontal dimension (frequency axis). Using these
extracted magnitude responses, finite impulse responses (FIRs) with 256 taps at a sampling rate of fs = 48 kHz were generated by applying a least-squares error minimization
method. The reconstructed DTFs are shown in Figure 2.8.

(a) Original.

(b) Reconstruction.

Figure 2.8: Published left-ear DTFs of listeners P6 & P3 from (Langendijk and
Bronkhorst, 2002, FIG. 11) plotted as a function of the polar angle
in the MSP. Magnitudes in dB are coded according to the color bar
on the right

Since their frequency responses are only given for the frequency range from 2 to 16 kHz,
this range has been used for the reimplemented peripheral processing stage to compute
the internal representations. Furthermore, a DFT length of NDFT = 4096 samples has
been used. For probability mapping the proposed insensitivity parameter s = 2 has
been applied.
Langendijk and Bronkhorst (2002) investigated how local flattening of DTFs, used to
encode the virtual sources, deteriorates localization performance in the MSP. Flattening
was applied by removing the spectral cues in a specific frequency band in terms of
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replacing the magnitude response in this band with its arithmetic mean. Results were
given for five different experimental conditions. In the baseline condition, the DTFs were
used without any modifications. In the "2-oct" condition, spectral cues were removed
in the frequency range from 4 − 16 kHz. One octave bands were removed in the three
"1-oct" conditions at frequency ranges from 4 − 8 kHz, 5.7 − 11.3 kHz, and 8 − 16 kHz
denoted as low, middle, and high, respectively.
The original and our results for listener P6 and P3 are compared in Figure 2.9 and
Figure 2.10, respectively. In Figures 2.9(b) and 2.10(b) results from localization experiments (open circles) were replotted from Langendijk and Bronkhorst (2002), reprint
in Figures 2.9(a) and 2.10(a). Although, our results are only based on reconstructed
left-ear DTFs and not on binaural ones, good accordance of the prediction matrices as
well as of the likelihood statistics has been achieved. However, the validation is limited to visual comparison, because the scale for the color coding has not been given
in Langendijk and Bronkhorst (2002). Visual aspects like shading and color scale were
adjusted to match the original and our representations.
We conclude that the MSP localization model proposed by Langendijk and Bronkhorst
(2002) seems to work differently well for various subjects. On the one hand, predictions
for subject P6 fit to the experimental results very well. Both the visual comparison
of prediction matrices with experimental results and the low log-likelihoods (between
the uni- and the trimodal reference log-likelihoods) are convincing. On the other hand,
predictions for subject P3 do not fit that well. Especially the actual log-likelihood of
the 2-oct condition (Condition 2) shows that the prediction of the model is worse than
it would be for uniform chance prediction.

2.2 SP localization model from Langendijk and Bronkhorst (2002)

FIG. 7. Probability density function !pdf" and actual responses !!" for one listener !P6" as a function of target position. Each column represents a single pdf
(a) Original results.
for all possible response locations !53" for one target location. The shading of each cell codes the probability density !light/dark is high/low probability,
respectively". Responses have been ‘‘jittered’’ horizontally over !2° for clarity. The first five panels show the results obtained in different conditions. The
1
results obtained in the low, middle-low and high 2-octave conditions are not shown, but the response patterns and the pdfs were very similar to those in the
baseline condition. The last panel shows the likelihood statistic of the model for the actual responses in each condition !bars", the average and the 99%
confidence interval of the expected likelihood !dots and bars, respectively" and the likelihoods for a flat response distribution and a tri-, bi- and unimodal
response distribution !horizontal lines from top to bottom, respectively". See the text for details.

possible response locations !53" for one target location. The
shading of each cell codes the probability !light/dark is high/
low probability, respectively". Similar plots showing the results obtained for two other listeners are shown in Figs. 8
and 9.
In the baseline condition the model predicts, as expected, that the highest probability for the responses is at the
target position !i.e., on the diagonal". It also predicts that the
response distribution is broader for target positions around
90 degrees elevation and that front–back confusions might
occur.
In the 2-octave condition the model predictions were
quite remarkable; either one or two positions were predicted
irrespective of the target position. These positions could be
very different across listeners, but, in general, they coincided
with the listeners’ response positions !except those of one
listener".
Predictions for the low 1-octave condition were not
much different from those for the baseline condition. In the
middle and high 1-octave conditions, on the other hand, the
model predictions were quite different from those in the
baseline and they also differed from each other. In the middle
1-octave condition, the model predicted localization errors
for positions in the rear below the horizontal plane for all
listeners. For some listeners the model also predicted errors
for the low-front positions and occasionally for rear and
1590

(b) Results
J. Acoust. Soc. Am., Vol. 112, No. 4, October
2002

frontal positions above the horizontal plane. In general, the
model in these cases predicted that listeners would give a
response near the horizontal plane and that front–back confusions were more likely to occur than in the baseline condition, but not as likely as in the high 1-octave condition.
The model also predicted that in the case of a front–back
confusion, the elevation error would, in general, be greater
than in the case of a response in the correct hemisphere.
Figures 7–9 illustrate these general features, but also show
that some model predictions can differ substantially across
listeners for certain target positions.
In the 21-octave conditions the model predictions were
not much different from those in the baseline condition !and
they have therefore been omitted in the figures".
In the case of the majority of the listeners !see Figs. 7
and 8 as typical examples" the model seems to predict localization performance in all conditions quite accurately. Responses generally fell in regions with a high predicted probability, even in the 2-octave condition.
3. Validation: Likelihood statistics

In order to quantify model performance and to interpret
the results, three different types of likelihood statistics were
calculated for each listener for each condition. The first statistic is the actual likelihood, which was calculated on the

of reimplementation.
E. H. A. Langendijk and A. W. Bronkhorst: Contribution of spectral cues

Figure 2.9: Comparison of original results of listener P6 from (Langendijk and
Bronkhorst, 2002, FIG. 7) and results from our reimplementation
based on reconstructed left-ear DTFs of the MSP. Polar-response
probability distribution as a function of target angle. At likelihood
statistics, conditions are numbered according to the order of the panels.
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FIG. 8. Same as Fig. 7, but now showing the data of listener P8.

Original
results.
FIG. 9. Same as(a)
Fig. 7,
but now showing
the data of listener P3.
J. Acoust. Soc. Am., Vol. 112, No. 4, October 2002

E. H. A. Langendijk and A. W. Bronkhorst: Contribution of spectral cues
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(b) Results of reimplementation.

Figure 2.10: Comparison of original results of listener P3 from (Langendijk and
Bronkhorst, 2002, FIG. 9) and reimplementation based on retrieved
left-ear DTFs of the MSP.

2.3 Model extensions
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Model extensions

The MSP localization model proposed by Langendijk and Bronkhorst (2002), in the
following denoted as the original model, is restricted in many cases. First, no stimulus
is considered and calculations are based on DFTs. This means that predictability is restricted to stationary broadband sounds. Second, the peripheral processing stage (PPS)
is only roughly based on human physiology and cannot describe nonlinearities of cochlear
processing. Third, the original model does not consider listener-individual calibration.
Hence, individual performance of a listener is only considered in terms of acoustical
features, but not of the subject’s sensitivity. Fourth, prediction is restricted to the
MSP.
In the following subsections, we propose the SP localization model with extensions,
which address these issues step by step. The block diagram in Figure 2.11 illustrates
all extensions incorporated to the proposed SP localization model. Arbitrary stimuli
can be used as excitation signal and the bandwidth of the internal representations can
be adapted (section 2.3.1). Peripheral processing incorporates transduction models of
the basilar membrane (BM) and of the inner hair cells (IHCs) (section 2.3.2). Note
that by averaging over time in terms of RMS, temporal effects still remain unconsidered. Listener-individual insensitivity parameter s, allows to calibrate the model (section 2.3.3). Finally, predictability is extended to arbitrary SPs by using a continuouslydefined binaural weighting function wbin (φ,ζ) (section 2.3.4).

x[n]

DTF (ϑ,φ)

BM-IHC
(RMS)

STD
of ISD

SIMapping

wbin (φ,ζ)

p[θi ; ϑ,φ]

s
SP-DTFs
(θi ,φ)

BM-IHC
(RMS)
f0 ,fend

Figure 2.11: Block diagram of the extended SP localization model. Extensions
are marked blue.

2.3.1

Consideration of stimulus and bandwidth adaption

In our SP localization model, arbitrary stimuli can be used as input signal of the target
DTF. To demonstrate how this affects the prediction results, we applied the model to
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narrow-band sounds. Following Middlebrooks and Green (1992), 1/6-oct. bands with
center frequencies fc of 6, 8, 10, and 12 kHz were used as stimuli. The results are shown
in Figure 2.12 for subject NH5. The predictions show frequency dependence according
to the concept of directional bands for sound localization (Blauert, 1974). As Middlebrooks and Green (1992) have shown, subjects tend to locate a narrow-band source at
positions where their individual HRTFs show peaks in the magnitude response at the
excited frequency range. At 6 kHz, the prediction shows blurry response PMVs favoring
locations above the subject, because no distinct peak is observable in the DFTs of the
MSP, c.f. Figure 2.12(e). At 8, 10, and 12 kHz, however, distinct peaks (red rectangles)
in the DTFs correspond to the predicted response probabilities around 140◦ , 110◦ , and
−10◦ , respectively.
The original model fails predicting the localization performance for low-pass (8 kHz)
filtered DTFs encoding the target stimuli, c.f. Figure 2.13(a), because in the comparison process the falling slope of the low-pass characteristic dominates the comparison
process. However, by simply adjusting the upper frequency bound fend of the peripheral processing stage to the cut-off frequency of the low-pass characteristic, prediction
performance increases, c.f. Figure 2.13(b). As default the considered frequency range
starts at f0 = 0.7 kHz due to torso reflections and ends at fend = 18 kHz. Bandwidth
adaption is performed manually.

2.3.2

Physiologically oriented peripheral processing

The peripheral processing stage of the original model is limited due to the weak relation
to the cochlear processing of the sounds. Nevertheless, the DFT-based filter bank with
six bands per octave approximates well the equivalent rectangular bandwidths (ERBs)
of the auditory filters (Moore and Glasberg, 1983; Glasberg and Moore, 1990) in the relevant frequency range from 0.7 to 18 kHz as shown in Figure 2.14. According to Glasberg
and Moore (1990), the number of ERBs as a function of frequency f is defined as,

E(f ) = 21.33 log10 4.37 · 10−3 f + 1 .

(2.9)

The auditory filter shapes used for this energetic equivalence were derived by the detection threshold of a pure tone within a notched-noise masker as a function of notch width.
Also the notch location relative to the target has been varied to account for asymmetry,
but general results are limited to young listeners and moderate sound levels.
To enhance the accordance of the peripheral processing stage with human physiology,
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(a) fc = 6 kHz.

(b) fc = 8 kHz.

(c) fc = 10 kHz.

(d) fc = 12 kHz.

(e) Left-ear DTFs.

Figure 2.12: (a)-(d): Prediction matrices for narrow-band stimuli with 6th -oct
bandwidth and various center frequencies fc according to Middlebrooks and Green (1992). Data are from subject NH5. (e): NH5’s
left-ear DTFs in the MSP. Peaky areas at frequency ranges according
to the narrow-band sounds are marked by red rectangles. All other
conventions are as in Figure 2.6(b) and Figure 1.2, respectively.
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(a) Broadband.

(b) Adapted bandwith.

Figure 2.13: Prediction matrix with actual responses (open circles) and likelihood statistics. Data are from subject NH46. All other conventions
are as in Figure 2.7. Model with proposed peripheral processing
stage (Gammatone filter bank, IHC transduction, & temporal RMS
averaging) results in smoother predictions than with original one.
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Figure 2.14: Comparison between ERB number scale (solid) and division in sixth
octave bands (dashed). Frequency range: 0.7 − 18 kHz.
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the DFT-based filter bank is replaced by stages modeling the transduction of the BM
and of the IHCs. Different realizations of these two model stages are implemented in
the Auditory Modeling Toolbox (AMT, 2012) for MATLAB. For modeling the BM two
alternatives are accessible. On the one hand, the Gammatone (GT) filter bank is a
linear model of auditory filters and is implemented as a pole-zero approximation (Patterson et al., 1988). On the other hand, the dual-resonance nonlinear (DRNL) filter
bank from Lopez-Poveda and Meddis (2001) accounts for non-linearities and was fitted
to the experimental data from Plack and Oxenham (2000). As shown in Figure 2.15, a
DRNL filter consists of a linear and a non-linear processing path and is implemented by
cascading GT filters and Butterworth low-pass filters, respectively. As further investigations are based on experimental data without treating the sound level as experimental
independent variable, the GT filter bank as linear BM model will be used in the following. However, at the end of this subsection an example for the level dependence
obtained by incorporating the DRNL filter bank will be given.

Figure 2.15: Block diagram of DRNL filter bank from Lopez-Poveda and Meddis
(2001).

The IHC stage used in the model is implemented as half-wave rectification, followed by a
second order Butterworth low-pass with a cut-off frequency of 1 kHz (Dau et al., 1996).
Furthermore, if non-linearities are considered the SP localization model incorporates
also the headphone and middle-ear filters (implemented in the AMT).
In the GT filter bank, the spacing of the filter bands is variable, however, closer spacings than one ERB require more computational effort. Informal tests have shown that
a spacing closer than 1 ERB yields only negligible performance improvements. Thus,
the 1-ERB spacing, as illustrated in Figure 2.16, is used in further investigations. Since
the temporal effects of SP localization are left out of consideration, the outcome of
each band is temporally averaged in terms of RMS. Let Γb [n] = F −1 {Γb (eıω )} and
B1k [n] = F −1 {B1k (eıω )} denote the impulse responses of the b-th Gammatone filter and
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the impulse response of the low-pass filter having a cut-off frequency of 1 kHz, respectively. Then, the internal representation χ̃[b] in dB of the finite signal χ[n] (length Nχ )
is given by
Nχ −1
1 X
(max {(χ ∗ Γb )[n] , 0} ∗ B1k [n])2 ,
(2.10)
χ̃[b] = 10 log10
Nχ n=0
at frequency band b = 1, · · · ,Nb with Nb = bE(fend ) − E(f0 )c + 1.
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Figure 2.16: Gammatone filter bands with 1-ERB spacing used for extended peripheral processing stage. Frequency range: 0.7 − 18 kHz.

There are only negligible differences between the ERBs and the 1/6-octave bands, but
as opposed to the DFT based filter bank, the bands of the GT filter bank overlap.
Thus, as shown in Figure 2.17, using the proposed peripheral processing stage results
in smoother internal representations and prediction matrices, respectively.
In order to demonstrate the effect of sound pressure level (SPL, re 20 µPa) on the BM
transduction, the GT filter bank has been replaced by the DRNL filter bank (middleear filter incorporated). As shown in Figure 2.18, increasing the level of the internal
representations broadens the auditory filters and thus results in increasing blur in the
prediction matrix. Comparing Figures 2.18(a) and 2.17(b), the model incorporating the
DRNL instead of the GT filter bank results in similar predictions for an SPL of about
30 dB.
Note that also different SPLs of target and template could be applied: The level of the
template could be fixed to a certain amount, whereas the level of the target could be
various. However, the question arises where to fix the level of the internal template. In
order to answer this questions, experimental data with the sound level as experimental
independent variable would be necessary.
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(a) CQ-DFT (1/6).

(b) GT-IHC.

Figure 2.17: Baseline prediction matrix of SP localization models incorporating the original (CQ-DFT, 1/6-oct.) and the proposed (GT filter
bank, IHC transduction, & temporal RMS averaging) peripheral
processing stage, which results in smoother PMVs. Data are from
subject NH5. All other conventions are as in Figure 2.6(b).

(a) 30 dB.

(b) 50 dB.

(c) 70 dB.

Figure 2.18: Prediction matrices of model incorporating the DRNL filter bank
for various SPLs of the internal representations. Probabilities are
encoded according to the color bars below. Note the decreasing
value ranges.
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2.3.3

Calibration according to individual sensitivity

As it is assumed that humans adapt their individual DTF template (Hofman et al., 1998;
van Wanrooij and van Opstal, 2005; Walder, 2010), the listener-individual in SP localization performance (Middlebrooks, 1999a; Rakerd et al., 1999; Zhang and Hartmann,
2010) is unlikely based on acoustical features only. Training or the general ability to
learn are individual factors affecting localization performance and have to be taken into
account in a localization
 model.
 To this end, the standard deviation s of the similarity
(ϑ)
2
mapping function ϕ z̃i ; 0,s is used to represent the listener individuality, denoted
as the insensitivity parameter s. The lower the s, the sharper the predicted response
distribution, i.e., the more sensitive the subject is expected to be, c.f. Figure 2.5(c).

(a) Mapping function of similarity index.

(b) Resulting PMVs.

Figure 2.19: Comparison process with various insensitivity factors s. Data are
from subject NH5 for a baseline target at ϑ = 15◦ . Lower insensitivity results in a sharper PMV.

To calibrate a model according to the individual performance, the likelihood statistics are used: The insensitivity parameter s is adjusted such that for baseline prediction the actual log-likelihood L(a) is within the confidence interval of the expected
log-likelihood L(e) . Figure 2.20 illustrates an example of this calibration paradigm. In
Figure 2.20(a), s = 2 corresponding to the value proposed by Langendijk and Bronkhorst
(2002). Regarding the actual and expected likelihoods, s results in a suboptimal fit of
the model, because the expected localization performance is different than the actual
one. As shown in Figure 2.20(b), by decreasing the insensitivity to s = 1.6, L(a) ≈ L(e)
and thus the model is calibrated to the individual performance.

2.3.4

Binaural weighting

In order to be able to apply the model not only to the MSP but also to arbitrary SPs,
binaural weighting is required in the decision stage. By performing free-field localization
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(a) Insensitivity: s = 2.

(b) Insensitivity: s = 1.6.

Figure 2.20: Baseline prediction matrix with normalized likelihood statistics for
various insensitivity factors s. Data are from subject NH5. All other
conventions are as in Figure 2.7.

experiments with occluded pinna cavities at either one or both ears, Morimoto (2001)
has shown that the binaural weights are equal for targets in the MSP and that the
contribution of the contralateral ear is negligible for targets located at lateral positions
greater or equal than 60◦ . Within the lateral range from −60◦ to 60◦ , smooth fading
between ipsi- and contralateral weight is proposed. In localization experiments with
virtual sources, binaural weights for lateral angles of φ = 0◦ , ±30◦ were acquired by
presenting competing spectral cues with a polar mismatch of 20◦ (Macpherson and
Sabin, 2007, FIG. 6, upper left panel. 1 ).
These experimental results are the reference points for fitting a sigmoid function. Thus,
the binaural weighting function wbin (φ,ζ) for the ear ζ at the lateral target angle φ is
defined as


 1 φ
, for ζ = L ,
−
wbin (φ,ζ) = 1+e Φ
(2.11)

1 − 1− φ
, for ζ = R ,
1+e

Φ

where Φ = 13◦ has shown to be appropriate. Figure 2.21 shows wbin (φ,ζ) together with
the experimental reference points.
The binaural SI p̃bin [θi ; ϑ] from equation (2.5) is generalized to arbitrary φ by
p̃bin [θi ; ϑ,φ] = wbin (φ,L) · p̃[θi ,L; ϑ,φ] + wbin (φ,R) · p̃[θi ,R; ϑ,φ] .

(2.12)

Note that due to this generalization, denotation of SIs has been extended by the pa1

Note the reversed definition of lateral angle in this study.
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Figure 2.21: Binaural weighting function wbin (φ,ζ) basing on reference points
from localization experiments.

rameter φ.
As an example, predictions of localization performance beyond the MSP are shown in
Figure 2.22. Regarding the likelihood statistics, the prediction for the SP at lateral
angle φ = 20◦ as well as at φ = 30◦ fit to the experimental outcomes, because L(a) ∈

 (e)
L − ∆L(e) , L(e) + ∆L(e) . The irregular angular resolution of the prediction matrix in
Figure 2.22(b) is due to the fact that for the prediction, DTFs within a lateral deviation
of 2◦ are selected from the measured dataset based on azimuthal discretization, c.f.
Figure 1.4(b).

(a) Lateral angle: φ = 20◦ .

(b) Lateral angle: φ = 30◦ .

Figure 2.22: Baseline prediction matrices with normalized likelihood statistics
for lateral SPs. Data are from subject NH5 and the insensitivity
parameter is set to s = 2.2. All other conventions are as in Figure 2.7.
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Retrieval of psychoacoustic performance
parameters

It is very unusual to interpret the results of localization experiments on the basis of likelihood statistics as done by Langendijk and Bronkhorst (2002). Instead, psychoacoustic
performance parameters like front-back confusion or RMS-error are used in general. To
obtain such parameters from the SP localization model, a processing stage has been developed which retrieves these metrics from the prediction matrix of the SP localization
model. The retrieval of three commonly used psychoacoustic performance parameters,
namely, quadrant error rate, local polar RMS-error, and polar bias has been implemented. In the following, the relevances and calculations of the different metrics are
explained for a specific target angle ϑ. If predictions for multiple targets are given, the
total metric denotes the mean across these targets.

2.4.1

Calculation of the parameters

The quadrant error rate is usually the preferred metric to quantify the front-back
confusion rate, because inaccuracy may occur at the boundary between the front and
rear hemispheres. Middlebrooks (1999b) defined a quadrant error as an absolute polar
error greater than 90◦ . Let A = {i ∈ [1,2, · · · ,Nr ] | |θi − ϑ| mod 180◦ < 90◦ } denote the
set of indices which refer to the local response angles θi . Then, the quadrant error rate
for a given target at ϑ,φ is given by
erquadrant [ϑ,φ] =

X

p [θi ; ϑ,φ] ,

(2.13)

i∈A
/

The local polar RMS-error is used as measure for localization precision and bias.
Local means that only responses within the correct quadrants errors are considered in
the analysis. Furthermore, large deviations between the response and target angle are
emphasized by computing the RMS of the polar error. Thus, the expectancy value of
the local polar RMS-error is determined by p [θi ; ϑ] as
s
epolar [ϑ,φ] =

C[ϑ,φ]

X
i∈A

(θi − ϑ)2 p [θi ; ϑ,φ] ,

(2.14)
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in degrees, with
C[ϑ,φ] = P

1
.
p [θi ; ϑ,φ]

i∈A

This normalization factor has to be applied, because only a part of the PMV p [θi ; ϑ,φ]
is incorporated to compute the expectancy value.

The local polar bias is a useful metric to quantify general bias in localization, e.g.
for short duration (Vliegen and Opstal, 2004) or narrow band stimuli (Middlebrooks,
1992). It is given by the difference between the expectancy value of the response angle
and the actual target angle ϑ as
bpolar [ϑ,φ] = C[ϑ,φ]

X

θi · p [θi ; ϑ,φ] − ϑ .

(2.15)

i∈A

2.4.2

Angular dependency of the parameters

Due to the restricted and irregular sampling of the polar angular range by the ARI’s
HRTF measurement setup (subsection 1.1.1), predicted performance parameters show a
systematic dependency on the target angle. To illustrate this dependency, Figure 2.23
shows each psychoacoustic parameter for chance performance as a function of the target
angle computed on the basis of a uniformly distributed prediction matrix. The averaging
of the chance performance over all target angles is shown as red dashed line. Note that
also in real localization experiments the angular range of responses is restricted, because
subjects are instructed to omit the area below them.
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(a) Quadrant error rate.
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(b) Local polar error.

(c) Local polar bias.

Figure 2.23: Dependency of predicted psychoacoustic performance parameters
on polar target angle for chance performance. Polar angular range
restricted to [−30◦ , 210◦ ]. Means are indicated as dashed red lines.
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Modeling the experimental data from previous
studies

In order to validate the extended SP localization model with the proposed retrieval of
psychoacoustic performance parameters, the experimental data from two previous studies are modeled and composed the experimental results. First, the model is calibrated
to the baseline condition of each individual listener as described in section 2.3.3. The
individual insensitivity parameters obtained by the calibration procedure are listed in
appendix A. Then, the model is applied to the experimental conditions, whereby the
specific experimental set of target positions is used to predict the psychoacoustic performance parameters. Further, in order to account for binaural weighting and lateral
changes of spectral cues, the lateral range is divided into segments around the MSP and
for each segment one prediction matrix is computed.

2.5.1

Goupell et al. (2010)

In order to validate the proposed retrieval stage, the experimental results published
in (Goupell et al., 2010, Experiment 1) have been modeled. In that study cochlearimplant (CI) processing has been simulated by using vocoded pulse trains as stimuli
for normal-hearing (NH) listeners. Localization performance has been examined in the
MSP with the number of vocoder channels as experimental independent variable. To
this end, the frequency range from 0.3 to 16 kHz was divided into 3, 6, 9, 12, 18, or 24
channels equally spaced on logarithmic frequency scale. Since all MATLAB files (Exp,
2010) and HRTFs (ARI, 2012) used for these localization experiments were available
for this thesis, proper modeling of their results is possible. As an example, the left
panels of Figure 2.24 show, how the NH12’s original DTFs of the MSP are represented
by the vocoder using 9, 18 or 24 channels. Since magnitude fluctuations above 8 ripples per octave are negligible for SP localization (Macpherson and Middlebrooks, 2003)
the frequency resolution (∆f ≈ 47 Hz) is chosen such that the high-frequency ripples caused by the vocoded pulse train are not resolved. Due to phase interferences at
crossovers of vocoder bands, direction independent notches are dominant and the spectral cues hardly recognizable. As illustrated in Figure 2.25(a), localization experiments
have shown deteriorated performance, i.e., increased local polar error and quadrant error
rate with decreasing number of channels.
For calibration of the model the experimental data referring to stimulation with wide-
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(a) Reference.

(b) Reference.

(c) 24 channels.

(d) 24 channels.

(e) 18 channels.

(f) 18 channels.

(g) 9 channels.

(h) 9 channels.

Figure 2.24: NH42’s DTFs synthesized by a channel vocoder with various numbers of channels according to Goupell et al. (2010). Left: left-ear
DTFs in the MSP. Right: prediction matrix with actual responses
(open circles) and likelihood statistics. All other conventions are as
in Figure 1.2 and 2.7, respectively.
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band clicks (CL) was used as baseline condition. Right panels in Figure 2.24 show
the prediction matrices of the SP localization model for NH12, left panels show the
corresponding DTF representations.
Figure 2.25 compares the predicted (closed symbols) with the experimental (open symbols) results in terms of local polar RMS-error (left) and quadrant error (right).
Regarding the results averaged over all subjects (lower panels), the inter-individual
STDs (±1) of the predicted and experimental results overlap for all conditions and both
performance parameters. However, STDs are generally smaller for predicted than that
for experimental results. The mean values of the two parameters show different trends.
Means of the predicted local polar RMS-error are smaller than that for the experimental
data, whereas the predicted quadrant error is larger than that for the experimental data.
Non-monotonic changes like that observed for the condition with 18 channels are not
predicted by the model.
For the individual results (upper panels), similar tendencies can be observed. The predicted local polar RMS-errors correspond well to the experimental errors for CL, low
numbers of channels and the subjects NH12, NH21, NH22, and NH41, whereas for mediate numbers of channels experimental precision is lower than predicted. For the subjects
NH33, NH39, and NH42, which show a non-monotonic function of channel number, the
experimental errors proceed around the predicted tendency. Concerning the quadrant
error, similar effects can be observed for subjects NH12, NH15, NH21, and NH22. For
subjects NH33, NH39, and NH42, the experimental quadrant error rates are generally
smaller than the predicted rates. Only for NH41, predicted rates are generally smaller.
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FIG. 3. Results of experiment 1. The upper panels show the individual data. The lower panels show the listener average and #1 standard deviation. The left
column shows the local polar error in degrees as a function of the number of channels. The right column shows the percentage of quadrant errors. Results for
the WB clicks !CL" and WB noises !NS" are also included. The dashed lines show chance performance. The shaded area shows the average !solid line" and
#1 standard deviation !dotted lines" of the results from Middlebrooks !1999b" for virtual WB noise stimuli.

(a) Original.

Tukey HSD post-hoc tests were performed for the local
polar error and quadrant error rate. For the local polar error,
there was no significant difference between the WB noises
and WB clicks !p = 0.75". There were significant differences
between the WB conditions and the vocoded conditions
!p ! 0.007 for all", with the exception of the difference between N = 24 and the WB clicks !p = 0.33". The differences
between N = 24 and N = 18, 9, and 6 were not significant
!p " 0.1 for all", but the differences between N = 24 and
N = 12, 6, and 3 were significant !p ! 0.05 for all". There
were no significant differences between any pair of N = 18,
12, 9, 6, and 3 at the 0.05 level.
For the quadrant error rate, there was no difference
between the WB noises and WB clicks !p = 0.99". There were
significant differences between the WB conditions and the
vocoded conditions !p ! 0.011 for all". The difference between N = 24 and N = 18 was not significant !p = 0.090", but
the differences between N = 24 and N = 12, 9, 6, and 3
were significant !p ! 0.003 for all". The differences between
N = 18 and N = 12, 9, 6, and 3 were not significant
!p " 0.098 for all". The difference between N = 12 and N = 9
was not significant !p = 1", but the differences between
N = 12 and N = 6 and 3 were significant !p ! 0.038 for both".
The difference between N = 9 and N = 6 was not significant
!p = 0.14", but the difference between N = 9 and N = 3 was
significant !p = 0.011". The difference between N = 6 and
N = 3 was not significant !p = 0.97".
J. Acoust. Soc. Am., Vol. 127, No. 2, February 2010

F. Discussion

The localization of WB noises corresponded well to that
measured by Middlebrooks !1999b", who tested wellpracticed listeners with virtual acoustic WB noises in both
the horizontal and vertical dimensions. As expected, the localization of our virtual sources is worse than that of the real
sources measured in Middlebrooks !1999b". In our experiment, there was no significant difference between the WB
noises and clicks, even though there was markedly less training for the clicks. Several studies have found that there are
level, duration, and rate effects in vertical-plane localization
!e.g., Vliegen and Van Opstal, 2004". However, few studies
on vertical-plane localization have directly compared longduration WB noises and click trains. Hartmann and Rakerd
!1993" tested 880-ms WB noises and 10.4 pulses/ s click
trains in a speaker identification task. For levels comparable
to the levels used in our experiment, localization performance of click trains appeared slightly worse than that of
WB noises. Macpherson and Middlebrooks !2000" showed
that the localization of click stimuli was qualitatively similar
to 3-ms noise bursts. Hofman and Van Opstal !1998" tested
500-ms WB noises and 500-ms burst trains !3-ms noise
bursts" at various rates, including 100 pulses/ s. They found
that the localization performance in the vertical direction for
burst trains at 100 pulses/ s was comparable to that for WB
noises. Lower rates caused worse performance for burst
trains compared to the WB noises. However, all three of
these studies did not include a statistical comparison of the
Goupell et al.: Number of channels for median-plane localization

995

(b) Experimental and predicted results.

Figure 2.25: Original (a) and predicted (b) results from Goupell et al. (2010,
experiment 1). "The upper panels show the individual data. The lower panels show the
listener average and ±1 standard deviation. The left column shows the local polar error in degrees
as a function of the number of channels. The right column shows the percentage of quadrant errors.
Results for the WB clicks (CL) and WB noises (NS) are also included. The dashed lines show chance
performance. The shaded area shows the average (solid line) and ±1 standard deviation (dotted
lines) of the results from Middlebrooks (1999b) for virtual WB noise stimuli"

.
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2.5.2

Walder (2010)

Stimulation in cochlea implants is usually limited to frequencies up to about 8 kHz.
Thus, a lot of spectral information for accurate SP localization performance is discarded.
Walder (2010) examined whether subjects can be trained to use a frequency-warped version of their individual DTFs such that all spectral features are contained in the limited
frequency range and whether this training results in a better localization performance as
that without any warping. Before the training paradigm started, all subjects performed
localization experiments with broadband (BB) stimuli, with low pass (LP) stimuli, and
with warped (W) DTFs (Figure 2.26).

(a) Broadband (BB).

(b) Low pass (LP).

(c) Low pass (LP).

Figure 2.26: Experimental DTF modifications of Walder (2010) illustrated for
NH72’s left-ear DTFs. All other conventions are as in Figure 1.2.

Experimental results of the BB condition were used to calibrate the models. For modeling the bandlimited conditions LP & W, the upper frequency limit fend of the peripheral
processing stage was set to 8 kHz (subsection 2.3.1). A comparison of the individual
(upper panels) as well as the group average (lower panels) experimental results (open
symbols) and the corresponding predictions (filled symbols) of the psychoacoustic performance parameters local polar error (left panels) and quadrant error (right panles)
is shown in Figure 2.27. In the group average, ±1 standard deviations overlap for all
conditions and both parameters. Even for the W condition, which represents a very
drastic modification of DTFs, predicted results are comparable with the experimental
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ones, however, the prediction of the local polar error is worse. The predicted local polar error for the other two conditions approximates the experimental results very well.
The predicted quadrant error rates are about 4 − 7% points larger than the experimental rates. In light of individual results, predictions for subjects NH12, NH43, NH58,
NH64, and NH69 are very accurate concerning both parameters. Predictions for subjects NH39, NH55, NH62, and NH71, however, are less accurate. Subjects NH15 and
NH46 are remarkable, because they show systematically larger values for all predicted
results.

Figure 2.27: Model prediction vs. experimental results of Walder (2010). Upper
panels: Individual results. Lower panels: Pooled results.
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Discussion

The results of modeling previous studies show that our SP localization model can predict
general tendencies in localization performance. However, some systematic deviations
could be observed, namely, predicted quadrant errors were too large in most cases.
A reason for this could be artifacts due to the restriction and the irregular sampling of the
polar response angles. To proof this assumption, performance parameters were extracted
from prediction matrices with a bimodal (STD of each mode: 17◦ ) response distribution,
representing front-back confused SP localization performance. On the one hand, the
restricted and irregular response angles according to ARI’s HRTF measurement setup
(subsection 1.1.1) were used. On the other hand, response angles were defined for the
whole range of polar angles with a regular spatial sampling of 5◦ . Note that the latter
represents the best case which could be obtained by applying inter- and extrapolation
of prediction matrices based on the restricted and irregular response angles. Note also
that target angles remain restricted and irregular in both cases. Panels in the middlerow of Figure 2.28 show the quadrant error rates as functions (solid blue) of the target
angle. These rates have been retrieved from the bimodal prediction matrices shown
in the corresponding upper panels. The comparison of the restricted and irregular
case (left panels) with the regular case (right panels) shows only negligible differences
in the rate functions. Consequently, this example does not support the assumption
that quadrant errors could be overestimated due to restricted and irregular sampling.
However, for the retrieved local polar RMS-errors (lower panels), the bimodal example
shows remarkable differences at the bounds of angular restriction and at target angles
above the listener, where angles are sampled irregularly. Although, these differences only
have minor impact on the mean error for this example, differences should be reduced
by inter- and extrapolation of prediction matrices to obtain accurate predictions for
arbitrary target angles.
The differences between predictions and experimental data can be also due to an inadequate distance criterion. A small but remarkable discrepancy exists between the
criteria used by Middlebrooks (1999b) and Langendijk and Bronkhorst (2002). On the
one hand, Middlebrooks (1999b) used the variance of ISDs to show coincidence of minimums with listener’s responses. On the other hand, Langendijk and Bronkhorst (2002)
used the standard deviation, i.e., the square root of the variance, of ISDs. Another
alternative distance criterion could be based on spectral-ripple representations (Versnel
and Shamma, 1998) or, very similar, on mel-frequency cepstral coefficients (MFCC) (Lee
and Lee, 2011) a commonly used feature for speech recognition.
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(a) Prediction matrix (restricted &
irregular response angles).

(b) Prediction matrix (regular
response angles).

(c) Quadrant error (restricted &
irregular response angles).

(d) Quadrant error (regular response
angles).

(e) Local polar RMS-error (restricted
& irregular response angles).

(f) Local polar RMS-error (regular
response angles).

Figure 2.28: Upper panels: Prediction matrices referring to bimodal (STD of
each mode: 17◦ ) angular response distribution with either restricted
and irregular (left) or regular (right) sampling of the response angles. Middle-row & lower panels: Resulting performance parameters as a function of target angle. All other conventions as in
Figure 2.6(b) and Figure 2.23
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Also, the SI-mapping might be an issue. Langendijk and Bronkhorst (2002) gave no
reason for their choice of the normal distribution as mapping function. We assume
that it is motivated by tractability and intuition. Tractability, because the normal
distribution is well defined and easy to scale by its STD (insensitivity parameter s). And
intuition, because it matches the assumption that spectral similarity is detected by the
listener with a certain blur and for decreasing similarity the response probability reduces
smoothly to zero. This smoothness could be a reason for the overestimated quadrant
errors, because even for quite different spectra, the resulting prediction of the response
probability is still greater than zero. In order to improve prediction performance the
SI-mapping function should be retrieved basing on psychoacoustic experiments.
The results of modeling Walder (2010) have shown that the predictions for bandlimited
stimuli corresponded well to the experimental data after considering the bandwidth of
the stimuli in the internal template. However, predictions for other spectral manipulations like for non-white stimuli or speech signals has not been investigated, yet.
Furthermore, signals were averaged over time, i.e., potential effects of temporal structure on the localization performance has not been taken into account in the model.
The duration of the stimulus is known to affect localization performance (Macpherson
and Middlebrooks, 2000; Vliegen and Opstal, 2004) and the detection threshold of spectral notches (Alves-Pinto and Lopez-Poveda, 2005), respectively. Listeners locate long
sounds of about 100 ms more precisely than brief ones of about 3 ms. Hartmann et al.
(2010) have shown that in localization experiments, chirp tones, i.e., complex tones with
minimal crest factor (Schroeder, 1970) and the character of a frequency sweep, with a
period of about 15 ms were much more difficult to localize than comparable complex
tones with random relative phases. They explained this phenomenon by referring to
temporal aspects of lateral inhibition in the dorsal cochlea nucleus (DCN) (Hancock
and Voigt, 1999; Imig et al., 2000; Reiss and Young, 2005). This auditory nucleus located in the brainstem is assumed to be essential for the extraction of monaural spectral
cues. Because this inhibitory system may have a time constant of about 1−10 ms, wideband inhibition for sharpening the internal spectral representation might be disabled for
the chirp tones.
Macpherson and Middlebrooks (2000), Vliegen and Opstal (2004), as well as Alves-Pinto
and Lopez-Poveda (2005) examined not only the effect of temporal aspects but also the
effect of level. They all agree in the fact that for increasing SPls up to about 75 dB,
localization and spectral discrimination performance decreases, respectively. Furthermore, Vliegen and Opstal (2004) as well as Alves-Pinto and Lopez-Poveda (2005) have
shown that performance increases again if the level is further increased. This non-
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monotonic function of level cannot be described by the SP localization model. The
DRNL filter bank optionally incorporated in the current model represents the broadening of the auditory filter bands with increasing levels. However, this effect explains
only the deterioration from low to mid levels. Lopez-Poveda et al. (2008) were able to
model the non-monotonic behavior by incorporating an IHC transduction stage with
inherent nonlinearities (Lopez-Poveda and Eustaquio-Martin, 2006). It is assumed that
the reason for this high level improvement is due to saturation of the IHC transducer
current, which leads to enhanced phase locking.
In order to account for absolute sensation thresholds the model should also incorporate
some internal noise.
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Chapter 3
Encoding Head-Related Transfer
Functions in Subbands
Subband modeling is an approximation technique for linear time invariant (LTI) systems.
It consists of an analysis and a synthesis filter bank with a transfer matrix in between.
For fixed filter banks, the transfer matrix represents the approximated system in the
time-frequency domain, and we call it the subband model of the system. Each entry of
the subband model can contain a finite impulse response (FIR) filter. The allocation
and the magnitudes of the filter coefficients are optimized iteratively, while aiming at a
sparse and therefore efficient representation of the approximated system.
The advantage of modeling LTI systems in subbands is that, being carried out in the
time-frequency domain, it offers a good trade-off between latency and computational
complexity. Compared to time-domain convolution, subband processing is computationally much more efficient, but introduces some delay. However, this delay is still
smaller than that resulting from computing a segmented fast Fourier transform (FFT)
of the same complexity. Additionally, the approximation tolerance can be chosen as large
as tolerable, i.e., below a given application-dependent threshold, to further improve the
implementation efficiency.
The idea of modeling HRTFs in subbands has been introduced by Marelli and Fu (2010).
The subband approach is a promising technique for HRTF modeling in the context
of virtual auditory display (VAD). In this application, the multipath propagation of
single or multiple sources have to be simulated binaurally for a listener in real time.
This requires many computations performed with small latency, to match the realtime scenario. This real-time condition is based on the human detection threshold
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of VAD system latency of approximately 45 ms (Brungart et al., 2004; Yairi et al.,
2007), which includes all the delays in the chain form the head or torso movement to
the related change in audio output, i.e., movement detection, tracker latency, system
communication, HRTF selection, filtering and any buffering of the output signal. In
VADs, for each source, the analysis stage could be the same for all its propagation
paths and only one synthesis stage for each ear would be required. Consequently, for
rendering the listener’s virtual reality in reverberant spaces, most computations could
be performed only once per ear. This reduces the implementation of an HRTF to that
of the direction dependent transfer matrix, which can be very efficiently carried out
in the subband domain. Furthermore, the required approximation precision depends
on many parameters, e.g. the source location where for lateral positions the signal for
the contralateral ear requires less accuracy as for the ipsilateral ear due to binaural
weighting (subsection 2.3.4). Such an a priori knowledge could be used to optimize the
implementation efficiency by using large approximation tolerances where appropriate.

3.1

Subband processing

The subband approximation of an LTI system g[n], having sampling rate fs , consists
of five stages (see Figure 3.1). The input signal x[n] is decomposed into M subband
signals by the analysis filter bank h[n] = (h0 [n], · · · ,hm [n], · · · ,hM−1 [n])T . Each subband
fs
, and without loss of
signal approximately represents a frequency range of width M
information, they are downsampled with factor D ≤ M (i.e., one out of D samples is
kept) to reduce computational effort (Oppenheim et al., 2004, pp. 239-245). After
downsampling, the baseband signals ξ[ν] = (ξ0 [ν], · · · ,ξm [ν], · · · ,ξM−1 [ν])T , called the
subband representation of the input x[n], are convolved with the FIR filters from the
subband model S[ν], i.e.,
ψ̂m [ν] =

M−1
X


(S)m,l ∗ ξm [ν] .

(3.1)

l=0

Note that if the subband model is diagonal, then equation (3.1) reduces to


ψ̂m [ν] = (S)m,m ∗ ξm [ν] .

(3.2)

In this way, ψ̂[ν] = (ψ0 [ν], · · · ,ψm [ν], · · · ,ψM −1 [ν])T is generated, which is the subband
representation of the output ŷ[n]. Then, ψ̂[ν] is upsampled (i.e., D − 1 zero-valued
samples are inserted between every two samples) and the resulting signals are passed
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through the synthesis filter bank, whose filters are complex conjugated versions of the
analysis filter bank filters. Finally, the subbands are summed up together to obtain the
fullband output ŷ[n].
x[n]

g[n]
M

h[n]

/

↓D

ξ[ν]

S[ν]

y[n]
ψ̂[ν]

↑D

h∗ [n]

ŷ[n]

Figure 3.1: Signal flow of subband processing. Upper path: reference system.
Lower path: approximation via subband processing.

It turns out that the procedure described above behaves as a D-cyclostationary system (Marelli and Fu, 2010), i.e., as D systems running in parallel whose outputs are
cyclically sampled, as illustrated in Figure 3.1. Hence, a subband approximation is
characterized by the set of D impulse responses ĝ[n] = (ĝ0 [n], · · · ,ĝd [n], · · · ,ĝD−1 [n])T .
x[n]

ĝ0 [n]

n

ŷ[n]

ĝ1 [n]
..
.
ĝD−1 [n]
Figure 3.2: Subband processing as D-cyclostationary system.

3.2

Fitting the subband model

The algorithm for fitting a subband model S[ν], characterized by ĝ[n], to approximate
the reference g[n], depends on the cost function which is to be minimized. In the case of
HRTF modeling, this cost function should be based on perceptual relevant features for
SP localization. Similar to the distance criterion of the previously described SP localization model, the approximation error considers only the logarithmic magnitude and not
the phase. Furthermore, frequency scaling is considered in a psychophysical manner as
well. This is realized by using a frequency weighting according to the first derivative of
the ERB number scale (Glasberg and Moore, 1990) given in equation (2.9). This scale
has also been used to determine the center frequencies of the auditory filter bank in
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section 2.3. Since the subband technique induces a cyclostationary set of D realizations,
the error is defined as the average mean-squared difference of the magnitude spectra in
dB, i.e.,
D−1

e2log

1X 1
=
D d=0 2π

Zπ

|w(eıω )| · (20 log10 |g(eıω )| − 20 log10 |ĝd (eıω )|)2 dω ,

(3.3)

−π

with g(eıω ) = F {g[n]}, ĝd (eıω ) = F {ĝd [n]}, and the spectral weight
d
|w(e )| =
dω
ıω

=





−3

21.33 log10 4.37 · 10

fs
ω+1
2π



9.264
.
ω + 228.8 2π
fs

(3.4)

In the actual implementation Fourier transforms are computed as 1024-point DFTs. For
efficiency, the sampling rate fs = 36 kHz, as the relevant frequency range is considered
up to 18 kHz.
The optimization procedure is a recursive greedy algorithm, which is a modification of
the algorithm proposed in Marelli and Fu (2010). At each iteration, the algorithm increments the number lS of coefficients of the subband model, by choosing the most suitable
coefficient according to the criterion described below. At iteration i, the algorithm
carries out the following two steps:

Step 1 - Allocation. Allocation of subband coefficients in S[ν] is done sub-optimally,
using an iterative weighted logarithmic-least-squares (WLogLS) procedure. This procedure is inspired in the one proposed in Kobayashi and Imai (1990) for designing pole-zero
transfer functions with arbitrary log-magnitude responses. The location is denoted by
its index (m,l,ν,ρ), where m denotes its row, l denotes its column, ν denotes its time
location and ρ is a boolean variable indicating if the coefficient is real (ρ = <) or imaginary (ρ = =). The index (mi ,li ,νi ,ρi ) of the next subband coefficient ρ{(S)mi ,li [νi ]}
is determined by linearizing the approximation criterion (3.3), and choosing the index
whose correlation with the current residual (i.e., the difference between the reference
and the current approximation) is the largest. At iteration i, the linearized problem is:
D−1

e2lin

1X 1
=
D d=0 2π

Zπ
−π

(i)

ud (eıω )



2
(i)
g(eıω ) − ĝd (eıω ) dω ,

(3.5)
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(i)

where the weight ud (eıω ) is given by

2
(i−1)
|w(eıω )| · 20 log10 |g(eıω )| − 20 log10 |ĝd (eıω )|
(i)
ud (eıω ) =
.

2
(i−1) ıω
ıω
g(e ) − ĝd (e )
(i−1)

(i)

Note that if the difference between ĝd (eıω ) and ĝd (eıω ) vanishes, e2lin is equivalent to
e2log . Using this linearization, the next index is chosen by

(mi ,li ,νi ,ρi ) = arg max
(m,l,ν,ρ)

D−1
X

Zπ



(i)
(i−1)
∗(m,l,ν,ρ) ıω
|ud (eıω )| g(eıω ) − ĝd (eıω ) vd
(e ) dω , (3.6)

d=0 −π

∗(m,l,ν,ρ)

where vd
(eıω ) denotes the complex conjugate of the d-th realization induced by a
transfer matrix V[ν] with a one at position (m,l,ν,ρ) and zeros elsewhere. In this way, the
coefficient (mi ,li ,νi ,ρi ) is selected which corresponds best to the actual weighted linear
∗(m,l,ν,ρ) ıω
error. Note that vd
(e ) also includes the impacts of the analysis and synthesis
filter banks. The maximum tolerable latency τ̌ restricts the temporal dimension ν of
the support to ν ≥ − τ̌Dfs and is defined by the user.

Step 2 - Optimization. After adding the new coefficient location to the set of current
locations, which we call the current support, the magnitudes of all subband coefficients
within the current support are optimized to minimize elog . In order to solve this nonlinear
optimization problem (3.15), we use a quasi-Newton procedure, namely, the BroydenFletcher-Goldfarb-Shanno (BFGS) method (Fletcher, 2000). For convergence the cost
function needs to be quasi-convex, i.e., g(eıω ) 6= 0 ∀ ω due to the logarithm.
These two steps are iterated until either the approximation error elog falls below a
tolerance threshold ělog or the total number of coefficients lS exceeds an upper bound
ľS . Both these constraints are defined by the user. However, for further investigations
ľS = ∞.

3.3

Efficient implementation of subband processing

A computational efficient implementation of the subband technique is based on discrete
Fourier transform (DFT). Therefore, the analysis and synthesis filter banks have to be
m
of Gabor type, i.e., hm [n] = h0 [n] · eı2π M n , with h0 [n] denoting the prototype baseband
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filter, whose length we denote by lh . This prototype is designed as a truncated rootraised-cosine (RRC) filter, which is defined as (Proakis, 1995)

h0 [n] =




1 − β + 4 βπ ,


i
h
i
h

h (1−β) +4β 2n−lh cos π 2n−lh (1+β)
 sin π 2n−l
2M
2M
2M





0 ,

π

2n−lh
2M




2 
2n−l
1− 2β M h

n=

lh
,
2

, n = 0,1, · · · , l2h − 1, l2h + 1, · · · ,lh − 1,
otherwise.

(3.7)
The steepness of the RRC filter is determined by the roll-off factor β ∈ [0,1], where
β = 0 denotes maximal and β = 1 minimal steepness, respectively. Concerning subband
analysis, the relation between D and M determines the required steepness of the RRC
D
filter. More precisely, by neglecting side lobes due to truncation, 1 − M
describes the
tolerable relative overlap between two adjacent subbands. Since subbands overlap on

D
, i.e., β = 0 for D = M
both sides, the RRC roll-off factor is determined as β = 2 1 − M
M
and β = 1 for D = 2 , respectively.
Using the technique from Weiss and Stewart (2000), the subband representation of the
input signal can be computed by
∗
ξ[ν] = WM
H0 x[νD] ,

(3.8)

where x[n] = (x[n], · · · ,x[n − lh + 1])T , H0 = diag (h0 [0], · · · , h0 [lh − 1]), and WM ∈
2π
CM×lh denotes the DFT matrix, such that (WM )m,l = e−ı M ml , for all m = 0, · · · ,M − 1
and l = 0, · · · ,lh − 1. Furthermore, we choose the number M of subbands to be a
power of two, so that the efficient Radix-2 algorithm can be used. This algorithm
requires 2M log2 M real multiplications for an M-point DFT. Then, the computational
complexity Oh of either the analysis or synthesis filter bank is given by
Oh =

lh + 2M log2 M
,
D

(3.9)

in real multiplications per sample. Let lS denote the total number of non-zero entries
of the subband-model, where real and imaginary parts are counted separately. A realvalued input signal requires only lS real multiplications due to the symmetry in the
frequency domain. Hence, the computational complexity of the subband model S[ν],
i.e., the complexity of the filtering process between ξ[ν] and ψ̂[ν] performed in subband
domain, is given by
lS
OS =
.
(3.10)
D
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Combining (3.9) and (3.10), we obtain the total complexity for subband processing of
O = OS + 2Oh .

(3.11)

Since the analysis and synthesis prototypes are causal, the latency of this implementation
depends only on the sampling conversion factor D and the number of non-causal taps
of the subband model. Due to downsampling, each non-causal tap causes a delay of D
samples. Thus, the overall latency τ in seconds is given by
τ=

nS D
,
fs

(3.12)

where nS denotes the maximal non-causality of the subband model in the subband
domain. Notice that the minimal latency is restricted by the length of the analysis
prototype lh , which is already included in nS , i.e., min{nS } = lDh .
The parameter D is bounded by M. Increasing D reduces the complexity and decreases
the minimum of nS , which keeps the delay below some prescribed latency threshold,
c.f. (3.9), (3.10) and (3.12). Furthermore, the larger the difference between D and M,
the larger the degree of freedom for finding the sparsest subband model for a given
approximation error. Notice that, if M = D and the approximation error is zero, then
only one choice of S[ν] is possible. We found that the choice D ≈ 85 M yields a good tradeoff between computational effort and freedom for choosing S[ν]. This option results in
a roll-off factor for the RRC analysis prototype h0 [n] of β ≈ 0.75.
From (3.9), it is clear that reducing lh improves the computational complexity. However, doing so distorts perfect reconstruction of the cascade of analysis and synthesis
filter bank and introduces an overall ripple in the resulting magnitude responses. In
order to restrict this ripple to the mean just-noticeable difference (JND) in intensity of
about 1 dB (Florentine, 1983), truncation of the analysis prototype to lh = 5D turns
out to be appropriate. The impulse response of the analysis prototype resulting from
the design criteria D = 58 M and lh = 5D, together with the frequency responses of the
corresponding analysis filters and the resulting overall ripples, are shown in Figure 3.3.
Another important issue concerning the truncation of the analysis prototype is clearly
visible in Figure 3.3(b). The smaller lh , the larger are side lobes, which increase the
overlap between contiguous subbands. Only if the subbands are reasonably well decoupled, non-zero entries of S[ν] can be focused to the main diagonal. For D = 58 M, the
choice of lh = 5D has also shown to result in satisfactory decoupling.
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Figure 3.3: Characteristics of analysis and synthesis filter banks based on a truncated RRC prototype for the example of M = 16. Design criteria:
D = 58 M, lh = 5D. For details see text.

Applying these design issues to equations (3.11) and (3.12), we obtain:
O =

8lS
32
+
log2 M + 10 ,
5M |5
|{z}
{z
}

(3.13)

5nS M
.
8fs

(3.14)

OS

τ =

2Oh

The complexity Oh of analysis or synthesis as well as the latency τ increase with increasing M. However, the latency is not determined by M alone, but also depends
on the non-causality nS , which is an unpredictable parameter. Fortunately, it can be
bounded during the optimization procedure, to guarantee that τ stays within the maximum tolerable latency τ̌ . Regarding the complexity OS of S[ν], equation (3.13) allows
no conclusion on its dependency on M, because the relation between the number lS of
non-zero model coefficients and M is unclear.
In order to investigate this relation, also the tolerance threshold ělog of the optimization
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procedure has to be taken into account, because the larger ělog , the earlier the iterative
procedure terminates and the sparser the subband model. Thus, approximations of
bandwidth extended MSP-DTFs of one listener were generated for various ělog and M.
M was varied between the powers of two: 8, 16, and 32. M = 32 was chosen as maximum,
because we wanted the latency to stay within 5 ms. ělog was varied between 2 and 3 dB.
In Figure 3.4, lS is shown as a function of the polar angle for ělog = 2 (left panel),
3 dB (right panel) and the example of subject NH12’s MSP-DTFs. On the one hand,
tolerances smaller than ělog = 2 dB show a drastic increase of lS for some DTFs (see
θ = 5◦ , left ear). On the other hand, ělog = 3 dB results already in a very sparse
subband model, where in most cases, only one coefficient is set per subband. For larger
ělog , unallocated subbands might occur.
Computational complexities are given for worst case, i.e., for the example shown in
Figure 3.4, lS for θ = 5◦ and left ear would be the representative value. The resulting
total complexities O and model complexities OS are shown in Figure 3.5. As expected,
complexities decrease with increasing ělog . Further, this example shows that O (left
panel) increases with M as well as τ does. However, in the light of rendering VADs, OS
is the complexity which adds up for multiple propagation paths and should be minimized,
consequently. In contrary to O, OS decreases with increasing M, i.e., the larger M, the
more independent are lS and M. Note that the constant offset between the curves of
O and OS represents 2Oh . Thus, for increasing M, the increase of 2Oh dominates the
decrease of OS .
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Figure 3.4: Number lS of coefficients in S[ν] for various approximation tolerances ělog and as a function of the polar angle of subject NH12’s
MSP-DTFs.
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Figure 3.5: Computational complexity of subband approximations for various
approximation tolerances and latencies. Values represent maximum
complexities of the approximations of all MSP-DTFs of subject NH12.

3.4

Approximation tolerance

In order to determine the maximal tolerance threshold ělog , which does not deteriorate
SP localization performance, first, properties of the approximation error introduced by
the subband technique are investigated. Second, these properties are used to compare
these approximation errors with errors of HRTF modifications from previous studies
examining SP localization. Thus, a threshold should be found, which restricts the
approximation errors to be irrelevant for SP localization. And third, this threshold is
validated by applying the SP localization model.

3.4.1

Properties of the approximation error

The approximation error introduced by the subband technique is different for various M.
The left panels of Figure 3.6 show the magnitude responses of the D realizations ĝ(eıω )
(blue lines) approximating g(eıω ) (red line) for various M. All approximations have a
tolerance of ělog = 3 dB and refer to the example of NH12’s left-ear DTF at φ = 0◦ , θ =
10◦ as reference. Since ělog = 3 dB is rather large, in many subband dimensions only one
coefficient is set, which results in a stepwise approximation of the reference magnitude
response. More non-zero coefficients in a subband dimension, yield a more complex
magnitude shape in this dimension and smoother transitions to the adjacent subbands.
For a lower M, i.e., a rougher division of the frequency range, more shaping of subbands
is necessary to achieve a certain ělog . Also, approximations with lower M are smoother in
general. However, with lower M, also the probability of dislocating the spectral features
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increases. For the example of ělog = 3 dB and M = 8 (Figure 3.6(a)), such a dislocation
is visible between 14 and 16 kHz. This artifact also shows up as distinct peaks in
the approximation errors (black lines). For the subband approximation with M = 32
(Figure 3.6(e)), less distinct dislocations and approximation errors can be observed.
The right panels in Figure 3.6 show the distributions of the signed logarithmic errors.
They are evaluated for subband approximations (blue bars) of all DTFs in the MSP for
the same subject. The standard normal distribution (red line) with a standard deviation
according to ělog seems to be a good worst case estimation for the error distribution,
because for the actual distributions, small errors are more and large errors less frequent.
In accordance with the previous considerations about dislocations, the kurtosis of the
distributions tend to increase with M.
In Figure 3.7, magnitude responses of subband approximations are shown as a function of
the polar angle in the MSP, whereby the magnitude responses of all realizations has been
averaged. Left and right panels show ělog = 2, and 3 dB, respectively. Approximations
are smoother for lower ělog as well as M and largest errors occur at borders of the
subbands. A comparison of the approximations with the reference shows that the basic
structure of the pinna spectral notches is roughly preserved.

3.4.2

Comparison with previous studies

In order to determine the maximal approximation error tolerable for SP localization,
results from previous studies are summarized in the following. All of them examine the
consequence of macroscopic modifications in amplitude spectra on localization performance tested with noise bursts. They can be classified according to the error distribution
which has been introduced to deteriorate the subject’s performance.
Macpherson and Middlebrooks (2003) observed the influence of rippled stimuli in freefield localization experiments for various ripple densities and depths. These ripples were
of sinusoidal shape with respect to logarithmic frequency scale. Thus, the induced error
was bounded by the ripple depth and in light of the resulting error distribution these
extremes were most frequent. Since ripples about 1 cycle per octave have been shown to
be most disruptive, this density was used to examine the effect of ripple depth. Although
Supin et al. (1999) showed that the detection threshold of ripple depths is about 1.7 dB,
the smallest depth tested by Macpherson and Middlebrooks (2003) was 10 dB, which is
equivalent to elog = 3.5 dB. Due to this spectral modification, at least two of six subjects
(S64, S77) showed decreasing performance.
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Figure 3.6: Magnitude responses of the subband approximation of a left-ear DTF
at φ = 0◦ , θ = 10◦ and error distributions considering all DTFs in the
MSP for various M. Data are from subject NH12.
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(a) Reference.

(b) M = 8, ělog = 2 dB.

(c) M = 8, ělog = 3 dB.

(d) M = 16, ělog = 2 dB.

(e) M = 16, ělog = 3 dB.

(f) M = 32, ělog = 2 dB.

(g) M = 32, ělog = 3 dB.

Figure 3.7: Subband approximations of NH12’s left-ear DTFs in the MSP. All
other conventions are as in Figure 1.2.
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Other studies introduced equally distributed errors by scrambling the spectral level
in critical (Wightman and Kistler, 1989, 1997b,a) or third octave bands (Kulkarni and
Colburn, 1998) independently. In Kulkarni and Colburn (1998) scrambling of ±5 dB, i.e.,
elog = 2.9 dB, was informally reported as being irrelevant for the localization of virtual
sources in the median SP. Under comparable experimental conditions, scrambling of
±10 dB, i.e., elog = 5.9 dB, affected the performance in Wightman and Kistler (1997b).
However, conclusions have been derived only based on response patterns and not on
statistical significance tests.
Another kind of error distribution, more similar to that resulting from subband modeling, was introduced by Goupell et al. (2010). As described in the previous section 2.5.1,
their experimental results has been well predicted by applying the SP localization model.
Now, these results are revisited in terms of elog . The elog introduced by the vocoder approximation together with the actual performance parameters are shown in Table 3.1.
The elog ranges from 4.0 to 6.2 dB and is dominated by the direction-independent notches
arising from phase interferences between the bands (see Figure 2.24). Although elog is
quite similar to the distance criterion (STD of ISD) incorporated in the comparison
process of the SP localization model, the rather constant values of elog show little correlation with the actual localization performance. This is due to the fact that in the
comparison process of the SP localization model spectral distances are evaluated in relation to the whole internal template (various polar angles), whereas elog evaluates only
spectral distances for the same angle.
In comparison with the experimental modifications of the described studies, the rather
large tolerance of ělog = 3 dB seems to be appropriate for accurate SP localization.
Table 3.1: Approximation error elog and performance parameters of NH12
from Goupell et al. (2010).

Num. of Channels
elog (dB)
Local polar RMS-error (deg.)
Quadrant error (%)

3.4.3

CL
0.0
31
2

24
4.7
36
9

18
4.6
39
19

12
4.0
40
16

9
5.3
43
29

6
4.8
43
33

3
6.2
43
32

Evaluation based on SP localization model

All MSP-DTFs from Goupell et al. (2010) were encoded in M = 8, 16, and 32 subbands
with ělog = 3 dB, respectively. As shown in Figure 3.8, SP localization performance
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is predicted in terms of the local polar RMS-error and the quadrant error rate. Note
that in this case, predicted baseline performance differs from Figure 2.25(b), because
performance parameters are retrieved only from MSP prediction and are averaged over
all possible target angles instead of using the target set of actual experiments. The
group averages (lower panels) with ±1 standard deviations show a slight decrease of
performance due to subband-encoding. Furthermore, smaller M tend to deteriorate
SP localization more than larger M. While M = 32 results in an increase of +0.8◦
of local polar RMS-error and +1.1% points of quadrant error rate, M = 8 results in
+2.9◦ and +2.7% points, respectively. This effect has been expected, because for small
M dislocated spectral features were observed. For the individual predictions (upper
panels), the local polar RMS-errors (left panel) show this effect for all listeners, however,
for the quadrant error rate (right panel) some listeners show a non-monotonic function
of M, e.g. NH12 or NH22. In conclusion, encoding DTFs in subbands with ělog = 3 dB
seems to result in negligible deterioration of SP localization performance, particularly
for M = 32.

Figure 3.8: Predicted SP localization performance by using subband-encoded
DTFs with ělog = 3 dB and various M. Upper panels: Individual
predictions of subjects from Goupell et al. (2010). Lower panels:
Group averages of the predictions.

66

Chapter 3. Encoding Head-Related Transfer Functions in Subbands

3.5

Case study: VAD scenario

In this section, a typical VAD scenario is used to show the effect of M on the overall
computational complexity and to illustrate the advantage of subband-encoded HRTFs
for this field of application. Assume a virtual moving source and a listener for whom
the propagation paths of the source should be rendered. This means that there is one
source signal which has to be filtered separately for each path and ear. If all the HRTFs
would be encoded in M subbands using the same analysis filter bank, the source signal
could be analyzed only once. Then, direction-dependent filtering could be efficiently
carried out in subband domain for each path and ear. For each ear, the subband signals
could be summed up and synthesized to obtain the binaural time-domain signal. Let
p = 1, · · · ,Np denote the number of propagation paths. The overall complexity OSB (p)
of these processing steps is then given by
OSB (p) = 3Oh + 2pOS .

The relation between Oh and OS depends on M. While Oh increases logarithmically
with M, c.f. equation (3.13), OS tend to decrease with M. Figure 3.9(a) shows the value
ranges of OS for various M and for the example of the subband models computed for the
listeners from Goupell et al. (2010). OS for a specific M is represented by the median
value (circle) and the overall value range (error bars). The corresponding latencies τ are
shown in Figure 3.9(b). The corresponding functions of the overall complexity OSB (p)
are shown in Figure 3.10 as solid lines. For p ≤ 2, the overall complexity for M = 8
is slightly the smallest one. Note that this is also the approximation with the smallest
latency. However, for p ≥ 3, the overall complexity for M = 32 becomes the smallest
and for increasing p, the efficiency benefit in relation to the other approximations further increases. Since also in the previous section M = 32 has shown to introduce less
deterioration in SP localization performance, for VAD application, M should be chosen
as large as tolerable in terms of latency.
In the following, the computational effort of the subband technique is compared to
alternative filtering approaches. The easiest way to implement FIR-filtering without
introducing any latency is convolution in the discrete time domain (TD). Let Lg denote
the finite length of the HRIR g[n], then, the overall complexity OTD (p) of TD convolution
is given by
OTD (p) = 2pLg .
As shown in Figure 3.10 (dash-dotted black line), TD requires high computational effort.
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(a) Complexities.
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(b) Latencies.

Figure 3.9: Model complexities OS and latencies of the subband-encoded MSPDTFs of all listeners from Goupell et al. (2010) as a function of M and
with ělog = 3 dB. On each box, the central mark (red line) represents
the median, the edges represent the 25% and 75% percentiles, the
whiskers extend to the most extreme data points, and outlier (red
cross) is plotted individually.

Another common approach is fast convolution in frequency domain implemented as segmented fast Fourier transform (SFFT). The length of the segments determine the latency
of the implementation and the smaller the segments the larger the complexity. In order
to compare across implementations with different latencies, three SFFTs with latencies
corresponding to the median values from the subband approach are considered. Note
that realistic implementations of SFFTs may yield different complexities, however, their
relative differences remain the same. For this comparison, the total complexity OSFFT (p)
of processing the VAD scenario by applying an SFFT with latency τ is assumed to be
OSFFT (p) = p

3LDFT log2 (LDFT ) + 4LDFT
,
τ fs

where LDFT = Lg + τ fs − 1 denotes the DFT length and an LDFT -point DFT is assumed
to require 2LDFT log2 LDFT real multiplications. The total complexities of the SFFTs are
shown in Figure 3.10 as dashed lines. Note that the corresponding latencies are coded
by using the same color. In general OSFFT (p) is greater than OSB (p) and the lower the
latency restriction, the closer OSFFT (p) and OTD (p).
Further, DTFs can be also very efficiently approximated by pole-zero (PZ) models without any latency. Kulkarni and Colburn (2004) showed that LP = 6 poles and LZ = 6 are
sufficient to approximate DTFs such that listeners are not able to discriminate them.
However, as PZ models have infinite impulse responses (IIR), the commutation of the
coefficients due to spatial changes is problematic. A possible solution to this problem
could be fading between two parallel systems, i.e., doubling the complexity. Thus, the
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total complexity OPZ (p) of this approach is given by
OPZ (p) = 4p(LP + LZ + 1) .
Represented as dotted black line in Figure 3.10, OPZ (p) is comparable to OSB (p) only
for p = 1, but outperforms OSFFT (p) for all p.

700
TD
SB(M=8)
600

SFFT(τ 8 )

Compelxity (r.mult./sample)

SB(M=16)
SFFT(τ 16 )

500

SB(M=32)
SFFT(τ 32 )
400

PZ

300

200

100

0

1

2

3

4

5

6

7

8

9

10

Num. of Propagation Paths (p)

Figure 3.10: Comparison between filtering approaches: Computational complexity of VAD rendition with single source as a function of the number
of propagation paths.

3.6

Binaural incoherence

As illustrated in the previous section, the subband technique seems to be a promising
method to efficiently encode DTFs. However, in some cases, this method results in
incoherent binaural signals, because the subband model of each ear is optimized separately and details in phase are not considered in the optimization procedure. This
problem is most obvious for approximations referring to the MSP, where no ITD should
exist. Figure 3.11(a) compares the group delays of a subband-encoded MSP-DTF pair,
which show binaural incoherence. The group delays are shown up to 2 kHz. Due to the
strong binaural mismatch of about 2 ms near 1 kHz, encoding a source signal with these
approximations would cause a very diffuse sound image.
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Figure 3.11: Binaural comparison of group delays of subband approximations
based on different cost functions for the same reference and equivalent elog ≈ 2.3 dB.

If in step 2 (see paragraph 3.2) of the iterative optimization procedure, the cost function
is defined as
(i)

Υ S



=

D−1
X

Zπ

ıω



ıω

|w(e )| · log10 g(e ) −

(i)
log10 ĝd (eıω )

2

dω ,

(3.15)

d=0 −π

instead of minimizing e2log , the phase of the approximated system is also considered.
Preliminary results with such a modified definition of the cost function have shown that
if the approximation tolerance is small enough, binaural incoherence can be reduced.
Figure 3.11(b) compares the group delays which result from using the modified cost
function for the same DTF example as in Figure 3.11(a). Now, group delays are roughly
aligned and negligible in terms of incoherence.
As it is assumed that details in phase are irrelevant for accurate SP localization of
broadband sounds, effects of very large group delays neglected (Hartmann et al., 2010),
this approach is not an optimal solution to prevent binaural incoherence. The number of
required model coefficients to achieve the same fit of magnitude responses is on average
twice as large as that when the phase is ignored. Instead, joint optimization of the
binaural DTFs seems to be more promising.
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Chapter 4
Summary and Outlook
This thesis aimed in optimizing and evaluating the application of the subband technique
for encoding HRTFs in terms of SP localization. The subband technique offers a lot
of opportunities of user settings. Thus, optimizing and evaluating it on the basis of
localization experiments would be very extensive and time-consuming. Instead, applying
an SP localization model is much faster and flexible. However, existing models are
restricted in some respects and had to be adapted to achieve trustworthy predictions.
In this thesis, the model from Langendijk and Bronkhorst (2002) was extended by
generalizing its applicability to bandlimited stimuli and arbitrary SPs, by enhancing its
physiological relation to the peripheral processing in human cochlea, and by introducing
a calibration method according to the listener-individual sensitivity. Furthermore, a
stage to retrieve psychoacoustic performance parameters from the model prediction
was developed in order to obtain comparable parameters commonly used to describe
SP localization performance. By modeling the experimental results from two previous
studies, the model was validated successfully.
Hence, the proposed model was used to optimize and evaluate the subband technique.
This evaluation has shown that a computationally very efficient HRTF representation
(ělog = 3 dB) in the subband domain would be appropriate for accurate SP localization.
However, the proposed optimization procedure to generate subband models resulted in
incoherent binaural HRTF representations in some cases. The preliminary solution to
this problem considers the phase in the cost function, however, this causes a great loss
of efficiency.
Nevertheless, the outlook for the subband technique looks very promising. Joint op-
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timization of binaural HRTFs, e.g., by using the same support, could be an efficient
alternative conserving the existing binaural coherence. The efficiency could be further
improved by removing the RRC analysis prototype by a filter which is optimized for a
particular HRTF set. To this end, common principal components of HRTFs could be
analyzed and used for optimizing the analysis prototype.
The problem of binaural incoherence in the SP localization model arises. The model
implicitly assumes binaural coherence and correct localization cues in the lateral dimension. Existing binaural localization models for horizontal planes (Breebaart et al.,
2001) could be integrated to obtain a more general localization model. Also temporal
aspects are not considered yet, i.e., the current SP localization model is also not able to
consider stimulus duration (Macpherson and Middlebrooks, 2000; Vliegen and Opstal,
2004; Alves-Pinto and Lopez-Poveda, 2005) or to model the effects of larger group delays
(Hartmann et al., 2010). Therefore, a future SP localization model could be extended by
stages modeling the wideband inhibition of the DCN with all its temporal dependencies.
In near future, the following issues should be addressed. First, a method for inter- and
extrapolating the angular range of the model predictions should be developed to reduce
artifacts described in section 2.6. The evaluation should show, whether this alteration
really enhances prediction accuracy or only introduces uncertainty. Second, the model
should be extended to be able to describe effects of level and temporal details. Third,
the applicability of the SP localization model to arbitrary stimuli like speech signals
should be evaluated.
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Calibration data

A.1

Goupell et. al (2010)
Table A.1: Insensitivity parameters s used for modeling Goupell et al. (2010).

Subject
s

A.2

NH12
2

NH15
2.2

NH21
1.8

NH22
2.3

NH33
2.4

NH39
2.7

NH41
2.8

NH42
1.9

Walder (2010)

Table A.2: Insensitivity parameters s used for modeling pretests of Walder
(2010).

Subject
s
Subject
s

NH12
1.8
NH58
1.7

NH15
2.2
NH62
3.0

NH39
2.5
NH64
2.2

NH43
2
NH69
2.6

NH46
2.1
NH71
1.9

NH55
2.3
NH72
2.8
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LIST OF ABBREVIATIONS

List of Abbreviations
ARI
BM
CI
CP
CTF
DCN
DFT
DRNL
DTF
DTFT
ERB
FIR
FFT
HRIR
HRTF
IIR
ILD
ISD
ITD
JND
LTI
MFCC
MSP
NH
PMV
PPS
RMS
RRC
SI

Acoustics Research Institute
basilar membrane
cochlear implant
comparison process
common transfer function
dorsal cochlea nucleus
discrete Fourier transform
dual-resonance nonlinear (filter bank)
directional transfer function
discrete-time Fourier transform
equivalent rectangular bandwidth
finite impulse response (filter)
fast Fourier transform
head-related impulse response
head-related transfer function
infinite impulse response (filter)
interaural level difference
inter-spectral difference
interaural time difference
just-noticeable difference
linear time invariant (system)
mel-frequency cepstral coefficients
median sagittal plane
normal-hearing (listener)
probability mass vector
peripheral processing stage
root mean square
root-raised-cosine (filter)
similarity index

75

76

LIST OF ABBREVIATIONS

SP
sagittal plane
STD
standard deviation
TOA
time of arrival
VAD
virtual auditory display
WLogLS weighted logarithmic-least-squares (approach)
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