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Since the creation of the spatially oriented format for acoustics (SOFA, Audio Engineering
Society standard AES69), numerous databases of head-related transfer functions (HRTFs)
are now available as standardized SOFA files. However, the methodologies for measuring
and postprocessing HRTFs vary significantly across laboratories. This leads to objective and
perceptual inconsistencies between HRTF databases and makes it challenging to integrate
multiple databases into a single repository to facilitate wide-scale research and application.
This paper introduces a normalization procedure, applicable to any HRTF data set, aimed at
enhancing the consistency across HRTF data sets obtained from different laboratories while
preserving the spatial information essential to HRTFs. The proposed approach consists of six
processing steps: low-pass filtering, temporal alignment, temporal windowing, diffuse-field
equalization, low-frequency extrapolation, and far-field correction. The normalization was
evaluated on 17 HRTF data sets of the same dummy head by means of acoustic analyses and
auditory simulations and further validated with respect to a database of 54 human subjects.
Results show that the proposed normalization improves data set applicability and consistency
while maintaining the directional cues within each data set.

Keywords: head-related transfer function (HRTF), binau-
ral rendering, normalization procedure, database signature,
postprocessing

1 INTRODUCTION

Head-related transfer functions (HRTFs) are filters char-
acterizing how a listener’s morphology affects a sound wave
as it travels from a source to the entrances of the listener’s
ear canals. HRTFs encode the directional cues for sound lo-
calization, including the interaural time differences (ITDs),
interaural level differences (ILDs), and spectral cues. These

*To whom correspondence should be addressed, e-mail: he-
lenebahu@gmail.com.

filters can be used in binaural technology to simulate vir-
tual sound sources over headphones. For a compelling lis-
tening experience, it may be necessary to apply HRTFs
of the individual listener [1, 2]. HRTFs can be measured
acoustically in an anechoic chamber by placing miniature
microphones at the entrances of the listener’s ear canals (ear
canal entrance point [3]) and loudspeakers at various spatial
locations. However, such measurements are complex and
time consuming. Alternatively, various methods have been
developed to individualize HRTFs for the listener [4, 5].

Theoretically, HRTFs capture only listener-specific fil-
tering effects, independent of the measurement environ-
ment. Consequently, HRTF sets measured on the same head
in different facilities should be identical. However, this is
not the case [6], even after postprocessing aimed at re-
moving the effects of the measurement system. In practice,
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HRTFs acquired in different facilities exhibit significant
discrepancies due to variations in the acoustic environment,
equipment, measurement techniques, and postprocessing
methodologies.

The first source of discrepancies among HRTF databases
stems from differences in the measurement system. The
spatial measurement grid (defined by the distribution and
density of directions, elevation range, and measurement
distance) varies across databases, often constrained by
apparatus-specific limitations. Acoustic environments also
differ, ranging from fully anechoic to semianechoic, with
residual reflections shaped by wall structures and the mea-
surement apparatus. Also, hardware equipment choices
vary between laboratories, as do system identification meth-
ods. These choices include technical parameters, such as
the excitation signal (e.g., swept sine, maximum length
sequence, and multiple exponential sweeps [7]) and its
properties (e.g., amplitude, duration, and repetition), the
audio sampling rate, and measurement procedure (e.g.,
continuous rotation versus discrete angular steps). Addi-
tional factors include subject position monitoring during
the measurement, in-ear microphone placement, the num-
ber of loudspeakers used, and equipment calibration, all of
which contribute to inconsistencies across data sets.

The second issue is the postprocessing methodology,
which varies often as well [8]. The head-related impulse
responses (HRIRs) need to be truncated to remove possible
reflections from the environment, and the window length
and type may vary. To eliminate the contribution of the
transducers, free-field equalization or diffuse-field equal-
ization is applied. The way the equalization process is con-
ducted has a significant effect on the HRTF data. At low
frequencies (below 200 Hz) and high frequencies (above
18 kHz), the loudspeaker’s transmitted energy is usually
low. Therefore, the HRTF magnitudes are sometimes cor-
rected using various techniques. In the time domain, the
filters’ length and temporal alignment vary depending on
the database. Furthermore, the filters are sometimes repre-
sented as a pair of minimum-phase filters combined with
a broadband ITD [9]. The ITD extraction method has an
effect on the result [10], but no standard method has been
established to date.

Prior to the creation of the spatially oriented format
for acoustics (SOFA; Audio Engineering Society stan-
dard AES69 [11–13]), HRTFs have been stored in various
laboratory-specific formats (e.g., MARL-NYU [14], miro
[15], and 3DTI [16]). Nowadays, most HRTF data sets are
stored as SOFA files, which guarantees consistency in the
storage format. SOFA works by means of conventions (i.e.,
a set of defined data format and metadata). For example,
the most-widely used convention “SimpleFreeFieldHRIR”
defines the data to be stored as spatially discrete HRIRs
accompanied by various metadata describing the measure-
ments [12]. However, these conventions do not specify how
the HRTF data should be acquired and processed.

These issues lead to significant consequences. First,
HRTF measurements capture not only the acoustic effects
of the subject’s morphology but also those of the laboratory
environment, making it challenging to investigate interindi-

vidual variations and develop solutions for individualiza-
tion. With the increasing use of machine learning (ML) in
this field, combining multiple databases has been proposed
to expand training data sets [4, 17]. However, Pauwels and
Picinali [18] demonstrated that after merging various HRTF
databases an ML classifier can easily identify the origi-
nal measurement facility, revealing environment-specific
signatures that can obfuscate the interindividual charac-
teristics under study. This limitation hampers progress in
HRTF research. Second, discrepancies between databases
lead to perceptual effects during rendering, such as varia-
tions in perceived direction, loudness, and timbre. Third,
the difficulty in retracing how HRTF data was acquired and
processed not only limits its use but also reduces users’
confidence in the data when applied to practical scenarios.
This issue may help explain why, despite the availability
of many publicly available HRTF databases,1 efforts to
collect new databases continue.

To reduce the aforementioned measurement discrepan-
cies, this article proposes a method for normalizing HRTF
databases. After briefly reviewing previous efforts to ad-
dress this issue, SEC. 2 outlines the proposed normalization
procedure. SEC. 3 presents an evaluation of the method
applied to HRTFs of the same dummy head (Neumann
KU100) measured in different laboratories, and SEC. 4 ap-
plies it to a subset of an HRTF database of human subjects
measured in the same lab. Finally, the results are discussed
in SEC. 5.

1.1 Previous Efforts on Normalizing
Head-Related Transfer Function Databases

In view of the existing discrepancies among HRTF
databases and the limitations that they imply, several studies
have attempted to reduce them (in other words, to “normal-
ize” them). They are summarized here.

Andreopoulou and Roginska [14] worked on normaliz-
ing four databases through the harmonization of the sam-
pling grid, sampling rate, filter length, and modeling as
minimum-phase filters plus ITD. The consistency of the
compiled database was evaluated using multidimensional
scaling based on the Euclidean distance of HRTF log mag-
nitudes (horizontal plane only). The results indicated that
subtracting the mean and normalizing the standard devi-
ation (SD) for each HRTF filter was a key step toward
consistency.

The “Club Fritz” project [6] compared HRTF data sets of
a unique dummy head measured acoustically in ten different
labs. The same postprocessing methodology was applied to
all data sets: free-field equalization, frequency resampling,
low-pass filtering at 18 kHz, windowing (with a 2.7 ms rect-
angular window), DC offset removal, gain normalization,
and hemisphere imbalances correction. Note that for free-
field equalization different microphones were used. Results
indicated that significant differences between HRTF data

1 https://sofacoustics.org/data/database/ provides approximately
20 acoustically measured HRTF databases (last visited on Febru-
ary 28th, 2025).
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Fig. 1. The six steps proposed for the normalization procedure. Numbers 1.1–1.6 refer to the corresponding sections in the text body.

sets remained after normalization: up to 22 dB in HRTF
magnitude (above 6 kHz, at azimuth 0◦ and 180◦ on the
horizontal plane) and 235 μs in ITD (on the side). Al-
though no listening test was conducted, the ITD variations
often exceeded just-noticeable differences (e.g., see [19])
and thus were likely to be perceptible.

Tsui and Kearney [20] developed a MATLAB tool for
HRTF SOFA files to detect abnormalities in the measure-
ment grid, find common directions between multiple files,
and normalize the sampling frequency, HRIR length, and
maximum gain. However, this study did not aim at reducing
the signature of the measurement setup.

DeRus et al. [21] evaluated the impact of some pre-
processing techniques on HRTF classification into elevation
sectors (median plane only), using a collection of eleven
databases. The preprocessing steps included gain normal-
ization, different restrictions of the frequency range, mel
warping (selected frequency bins equally spaced on a mel
scale), linear or logarithmic amplitude scaling. Results in-
dicated that these preprocessing steps had no significant
effect on the classification results and that the classifica-
tion into elevation sectors was better when the model was
trained and tested within a subset of three databases mea-
sured in the same facility, thus revealing the influence of
the measurement system’s signature.

Wen et al. [22] attempted to normalize eight databases
by removing the per-direction systematic response of the
measurement system. This response was estimated for each
database by averaging all HRTFs measured at a single di-
rection (all subjects, left and mirrored right ear) for two
directions common to all databases (front and side). They
showed that the systematic response of the measurement
system varied with the direction and that the database clas-
sification accuracy was reduced by this normalization pro-
cedure.

Pauwels and Picinali [18] tested the impact of some data
processing on the ability of an ML classifier to distinguish
between ten databases (eight acoustically measured, two
simulated). They used the free-field equalized versions of
the HRIRs provided by the original laboratories. A com-
mon processing methodology was applied, including fre-
quency resampling, gain normalization, HRIR truncation
to 5.33 ms, DC removal, low-pass filtering at 18 kHz, and
minimum-phase representation. Results showed that, de-
spite the preprocessing, the ML classifier could identify the
data set origin. Contributors to the data set signature in-
clude the magnitude at low and high frequencies and room
reflections. The variability in the equalization methods ap-
plied by the providers of the databases may be a source of
the remaining discrepancy.

Unfortunately, all these methods are limited in removing
the database signature. First, the evaluation methods were

limited, considering the perceptual perspective. For exam-
ple, the classification results highly depend on the distance
metric, and the metrics used did not consider all aspects of
the actual auditory processing in humans. Also, the com-
parison was limited to a few directions on the horizontal
plane. Further, the evaluations provide little insight on the
potential degradation of spatial information after having
the normalization applied. Second, these methods did not
account for other important sources of discrepancies, such
as the low-frequency extension, the distance between the
source and listener, or the equalization method.

2 THE NORMALIZATION PROCEDURE

The authors propose a set of postprocessing steps aiming
at removing the signature of the measurement setup, hence
normalizing the HRTF database. The removal of the signa-
ture of the measurement system may impact the directional
cues and therefore affect perceived sound localization. For
instance, the removal of the spectral characteristics of the
transducers may impact the HRTF magnitudes of the two
ears independently, thus affecting the ILD (e.g., by com-
pensating the left-right gain imbalances). Hence, the goal of
this work is to define a normalization procedure that fulfills
the following criteria:

• The HRTFs of the same head measured for the same
spatial position but in different laboratories yield an
equivalent listening experience.

• The perceptually relevant spatial information is pre-
served, as evidenced by negligible differences in
sound localization as compared with the original
HRTFs.

To provide a perceptual equivalence, the various per-
ceptual attributes of HRTFs, as was highlighted in Simon
et al. [23], shall be considered: coloration, elevation, im-
mersion, position in terms of front-back confusions, lateral
position, realism, and relief. Note that, although not retained
in [23], loudness is also an important attribute.

In the following, the authors describe the proposed nor-
malization procedure consisting of six successive process-
ing steps as illustrated in Fig. 1: low-pass filtering to har-
monize the high-frequency support, temporal alignment of
the HRIRs, temporal windowing to harmonize the HRIR’s
duration and envelope, diffuse-field equalization to remove
system-specific colorations, low-frequency extrapolation to
harmonize the low-frequency support, and far-field correc-
tion to harmonize across measured source-to-listener dis-
tances. Note that the original data sampling rate is preserved
because these processing steps do not need to normalize the
sampling rate. The normalization procedure is implemented
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in the SOFA Toolbox version 2.4.02 and can be applied in-
dependently to any existing HRTF data set.

2.1 Low-Pass Filtering
Above 18 kHz, the measurement gain is usually low, and

the measurements are not reliable due to the insufficient en-
ergy response of the transducers. Thus, the first processing
step consists in applying a low-pass filter at 18 kHz on all
HRIRs [6]. The low-pass filter is implemented as a linear-
phase filter with an impulse response of 5.3 ms length. It
was designed using least-squares error minimization such
that its spectral amplitude drops from one at 18 kHz to zero
at 19 kHz, not affecting other frequencies below 18 kHz.

2.2 Temporal Alignment
The HRIRs’ time of arrival (or onset) varies with the

source position and ear, and the minimum time of arrival
in an HRIR set depends on the original database. In some
applications (e.g., when combining parametric reverbera-
tion with HRIR sets from different databases), it is useful
to time-align the HRIRs to the same reference time mark.
Additionally, time alignment facilitates temporal window-
ing.

For these reasons, the second step in the normalization
procedure consists in aligning the onset of the HRIR at the
frontal direction to a reference time mark, here chosen to
be 1 ms. More specifically, the earlier onset between the
left and right HRIRs at the frontal direction is aligned to
1 ms. Note that the frontal direction (azimuth and elevation
angles of 0◦) is usually present in all HRTF data sets.

Although there exist various onset detection methods
(e.g., see [24] for room impulse responses), HRIR onsets
are usually estimated through leading-edge detection (i.e.,
by detecting the time instants at which the HRIRs reach a
certain percentage of the maximum peak amplitude [25]).
This percentage, or threshold, varies greatly between stud-
ies. Following International Organization for Standardiza-
tion (ISO) recommendations for room impulse responses
(ISO 3382-1), the HRIR onset is defined as the last point
before and below 20 dB of the HRIR peak. A reference time
mark of 1 ms was chosen to preserve the earliest HRIR on-
sets3 (considering that the largest ITD is about 0.8 ms for
human heads [25, 26]) while leaving enough time for the
HRIR tail. Fig. 2 shows an example of such a temporally
aligned HRIR. For each subject of a database, the HRIRs
at all directions and both ears are delayed by the same time
shift, thus preserving the original ITD information for all
measured HRTF directions.

2.3 Temporal Windowing
Windowing the HRIR allows for removal of reflections

from the acoustic environment and potential preringing ar-

2 https://ecosystem.sonicom.eu/tools/14; https://doi.org/10.60
887/q17dygeudms0aksh.

3 For instance, for a head with a maximum ITD of 0.8 ms and a
source on the side, the ipsilateral HRIR’s onset to appear around
(1 − 0.8

2 ) = 0.6 ms after temporal alignment.

Fig. 2. Temporal window (black) and an example of the temporally
aligned frontal HRIR (gray).

tifacts from mechanical transmission. The choice of the
window length is important: a window that is too short
may remove some low-frequency information, and a win-
dow that is too long may keep undesired noise or room re-
flections. According to previously published databases, the
window is usually an asymmetrical Hann window whose
length ranges between 2.7 ms (VIKING [27]) and 11.6 ms
(Crossmod, Listen), with a median length of 5.8 ms (i.e.,
256 samples at 44.1 kHz). In Vidal et al. [28], a frequency-
dependent window was applied with a length of 43 ms for
the lower frequencies (<700 Hz) and 7.4 ms for the higher
frequencies.

Here, an asymmetric Hann window of 5.8 ms is applied
starting at the HRIRs’ first onset minus a 0.25-ms margin.
The window contains a half-Hann fade-in of 0.25 ms and a
half-Hann fade-out of 1 ms. An illustration of the window
is given in Fig. 2. The HRIRs’ first onset is defined by the
earliest time onset across all directions and the two ears. The
onset detection method is the same as the one presented in
SEC. 2.2. The original HRIR lengths are preserved unless
they are shorter than 5.8 ms, in which case zero-padding
(to 5.8 ms) is applied.

2.4 Diffuse-Field Equalization
HRTF equalization aims at removing the response of

the measurement system, including loudspeakers and mi-
crophones [29]. Free-field equalization and diffuse-field
equalization are two commonly applied methodologies. In
the context of the equalization of headphones and dummy
heads, free-field equalization conventionally consists in
compensating for the HRTF at the frontal direction [29,
30]. In the context of HRTF measurements, it is more com-
mon to use a reference free-field measurement made by
placing, at the center of the measurement system (with the
head absent), either a reference microphone or the in-ear
microphones used for measuring the HRTFs. However, this
reference measurement is usually not published along with
the HRTF database.

Larcher et al. [29] have shown that diffuse-field equaliza-
tion reduces the perceptual differences between recordings
made with different equipment. Additionally, in the context
of normalizing HRTF databases, diffuse-field equalization
is attractive because it compensates for all the direction-
independent components. As such, it may be applied on
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unprocessed or equalized HRTF measurements. Also, it
compensates for the overall data set gain and possible left-
right imbalances (e.g., caused by differences in microphone
placement or response).

For these reasons, diffuse-field equalization is preferred.
Ideally, the diffuse-field HRTF is measured in a reverber-
ant room, but this measurement is rarely available. Alterna-
tively, it can be obtained by superposing the transformations
undergone by plane waves in the free-field coming from all
directions [29]. In practice, the power average of measured
HRTFs, or common transfer function (CTF), may be used.
Because the spatial sampling may not be regular and com-
plete, each HRTF is weighted by the solid angle surrounding
the measurement point, estimated using a spherical Voronoi
diagram [31].4 Therefore, the diffuse-field HRTF is esti-
mated using the weighted power average of all available
HRTFs (or weighted CTF):

CTFe =
√√√√ M∑

i=1

1

M
|He(θi ,φi , f )|2 · wi , (1)

with i = 1, . . .M the direction index, θi and φi the azimuth
and elevation of direction i, M the total number of mea-
sured directions, e the left or right ear, and wi the weight
proportional to the Voronoi surface.

Diffuse-field equalization is applied by dividing the com-
plex HRTF at each direction by the minimum-phase CTF.
Similar to Middlebrooks [32], the minimum-phase CTF is
a combination of the CTF magnitude spectrum [in Eq. (1)]
and CTF minimum-phase spectrum (obtained by Hilbert
transform of the logarithm of the magnitude spectrum). To
avoid the amplification of low-magnitude values at inver-
sion, the CTF magnitude is flattened above 18 kHz, with a
transition interval between 16 and 18 kHz, where it is set
to be equal to the average CTF magnitude estimated in the
range from 200 Hz to 16 kHz.

2.5 Low-Frequency Extrapolation
The information carried by raw HRTF measurements

at low frequencies is not relevant for several reasons: (1)
the human morphology becomes small compared with the
wavelength, and HRTF variations are marginal below ap-
proximately 400 Hz [25]; (2) small studio monitors such as
typically used for HRTF measurements cannot reproduce
frequencies below 100 Hz due to their small size [25]; and
(3) the anechoic behavior of the environment is valid up
to a lower cut-off frequency (between 75 Hz and 315 Hz,
depending on its characteristics) [33]. Consequently, var-
ious methods have been employed to correct the HRTF
measurements at low frequencies.

Similar to Bernschutz et al. [34], the analytical solution of
a rigid sphere can be used. Indeed, the spherical head model

4 In the absence of measurements in a specific portion of the grid
(e.g., at low elevations), the weights associated with the adjacent
measurement points are higher as they cover larger solid angles.
This is equivalent to considering that the magnitude spectrum is
constant in this region.

(SHM) closely matches typically measured HRTF patterns
in the low-frequency range (below 1 kHz) [35]. The solu-
tion for an SHM with a standard head radius of 8.7 cm [36]
exhibits a low-frequency asymptote below 200 Hz. This
low-frequency gain is computed for each HRTF’s source di-
rection and distance, and the HRTF magnitude near 250 Hz
is linearly interpolated toward the SHM gain at DC.

2.6 Far-Field Correction
The HRTF measurement distance varies between

databases and is often driven by practical constraints. Be-
yond 1 m, HRTF filters are asymptotically independent of
source distance [25] and are called far-field HRTFs. In con-
trast, near-field effects are observed below 1 m, such as an
ILD increase for lateral sources [35]. Far-field HRTFs can
be inferred from near-field HRTFs (and reciprocally) by ap-
plying distance variation functions (DVFs) designed with
the SHM [37, 38]. The SHM correctly approximates the
spectral changes between the near-field and far-field on hu-
man heads, and when combined with the measured HRTF,
the method preserves the unique features of the head, torso,
and pinna [38]. Similarly, to harmonize the measurement
distance of several HRTF data sets, DVFs can be used:

DVF(θi ,φi ) = H (rre f , θi ,φi )

H (rm, θi ,φi )
, (2)

with rref the reference far-field distance and rm the mea-
surement distance. Here, the DVFs are designed with an
SHM of radius 8.7 cm and a reference far-field distance of
rref =100 m (approximating infinite distance). After low-
frequency extrapolation and far-field correction, the HRTF
magnitude converges to 0 dB at DC.

3 EVALUATION

Following the criteria presented in SEC. 2, the normal-
ization process is evaluated in two steps. First, it is verified
that the normalization improves the spectral and perceptual
consistency between HRTF data sets measured on a same
head in different facilities. Second, it is verified that the
normalization has a negligible impact on directional cues
by comparing the localization performance obtained with
HRTFs before and after the normalization.

Perceptual comparison of HRTFs can be performed by
means of behavioral listening tests or by simulations. Some
perceptually driven models have been proposed and made
available in MATLAB or as part of the Auditory Modeling
Toolbox (AMT) [39]. For instance, they allow for predic-
tion of the sound localization [40], coloration [41], and
loudness [42] of binaural signals. As they have been evalu-
ated with respect to experimental data, they are employed
in the following as an efficient simulation of listening tests.

3.1 Data Sets
The evaluation was conducted with 17 HRTF data sets

of a dummy head (Neumann KU100) measured at multi-
ple facilities. This dummy head does not have any torso
or shoulders, and it is equipped with high-quality internal
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microphones positioned at the ear canal entrance point and
features built-in diffuse-field equalization provided by the
manufacturer.5

The data sets are listed in Table 1. The first twelve sets
are HRTF data sets from the Club Fritz database [6] (sin-
gle dummy head microphone). Data sets 1 to 11 are un-
processed HRTF measurements, whereas for the latter six
sets, specific postprocessing was applied: the HRIRs of the
Acoustics Research Institute (ARI) were windowed and
free-field compensated [43]; the HRIRs of the IRCAM
BiLi database [44] were windowed and compensated for
the interloudspeaker differences; the two HRIR sets of the
Technische Hochschule Köln (THK) [15] were windowed,
free-field equalized, extended at low frequencies and nor-
malized in gain; for SADIE II [45], multiple postprocess-
ing steps were applied (which are presented in detail in
SEC. 3.2.3 of the paper), including diffuse-field equaliza-
tion; for SS2 [46], HRIRs were windowed, free-field equal-
ized, and low-pass filtered at 16 kHz.

These data sets all used the built-in dummy head micro-
phones, except for data set 17, which used external in-ear
microphones. Table 1 provides more information about the
data sets. Note that they share only two spatial directions:
at the azimuth angles of 0◦ (front) and 180◦ (back) in the
horizontal plane. In the following, all data sets were pro-
cessed using the method described in SEC. 2. The data sets
are available through the SONICOM Ecosystem.6

3.2 Diffuse-Field Head-Related Transfer
Function Estimates

Fig. 3(a) shows the left ear diffuse-field HRTF magnitude
spectrum, estimated using Eq. (1), for each of the 17 KU100
data sets. Following the processing steps outlined in SEC. 2,
these estimates were obtained after applying low-pass filter-
ing, temporal alignment, and windowing to the HRIRs. The
magnitude drop around 18 kHz is the result of the low-pass
filter and justifies flattening the diffuse-field equalization
filter in this region to avoid amplifying these low-magnitude
values during inversion.

The diffuse-field HRTF magnitude spectra clearly ex-
hibit inter–data set differences in overall gain, which can
be compensated for by applying diffuse-field equalization.
Spectral differences across data sets are also apparent. No-
tably, despite the diffuse-field equalization applied by the
dummy head manufacturer, the diffuse-field HRTF magni-
tudes estimated from HRTF measurements are not flat.

This may be due to two main reasons. First, inter–data
set variations in the diffuse-field HRTF magnitude spectrum
suggest the presence of residual measurement system sig-
natures (e.g., loudspeaker responses, environmental reflec-
tions, or slight positioning errors) and/or data set–specific
processing applied by the original laboratory. In the context
of HRTF database normalization, this is precisely the type

5 See “Operating instructions KU100, Engl./Germ., 05/2020”
available at www.neumann.com.

6 https://ecosystem.sonicom.eu/databases/25; https://doi.org/
10.60887/j57ffyefbxw69cw2.

Fig. 3. Diffuse-field HRTF magnitude spectra estimated using
Eq. (1). (a) Left ear diffuse-field HRTF magnitude spectra for all
data sets. (b) Example of a data set that has already been diffuse-
field equalized by the original laboratory (data set 16). (c) Example
of a data set showing left-right asymmetries in diffuse-field HRTF
magnitude spectra (data set 17).

of variability that is targeted for elimination, thereby justi-
fying the removal of estimated diffuse-field HRTF from all
measurements.

Second, differences may arise from the specific method
used to derive the diffuse-field response. Here, the diffuse-
field transfer function is estimated via a weighted aver-
age of HRTF measurements across all available directions
[see Eq. (1)]. When the directional sampling is sufficiently
dense and uniform and covers the full sphere, this approach
should provide an accurate estimate. In practice, however,
measurement grids rarely achieve full and uniform spheri-
cal coverage. Although spatial weighting compensates for
these irregularities [see Eq. (1)], the estimated diffuse-field
HRTF response may still deviate slightly from the “true”
one. Nonetheless, as demonstrated in the next section, di-
viding the HRTFs by these estimates significantly reduces
inconsistencies across data sets.

Fig. 3(b) highlights the specific case of data set 16, which
was already diffuse-field equalized by the original labora-
tory [45]. Its diffuse-field HRTF shows an overall gain
offset of approximately −3 dB and is otherwise almost flat.
The small residual fluctuations are consistent with Fig. 6 of
the original paper [45]. Apart from correcting the overall
gain, further diffuse-field equalization has little effect on
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Table 1. Information about the 17 data sets of the same head used to evaluate the proposed normalization.

Identification number Origin Year M L fs (kHz) D (ms) Elevation range (◦) r (m)

1 IRCAM 2004 2016 1 44.1 23.2 −45 to 90 1.95
2 UMD 2007 823 6 44.1 23.2 −35 to 90 0.9
3 NASA 2007 432 12 96 23.2 −40 to 70 0.9
4 IRCAM 2007 1944 3 44.1 23.2 −40 to 90 2
5 ITA 2009 2016 1 44.1 23.2 −80 to 90 2
6 Helsinki 2009 180 1 48 23.2 −40 to 40 1.5
7 NHK 2009 720 10 48 23.2 0 to 90 1.3
8 NICT 2009 1008 1 48 23.2 −40 to 90 1
9 Nagoya 2009 2017 1 48 23.2 −50 to 90 1
10 RIEC 2010 648 35 48 23.2 −80 to 90 1.5
11 IRCAM 2014 1560 1 96 23.2 −39 to 86 1.95
12 ARI 2014 1550 22 48 23.2 −30 to 80 1.2
13 IRCAM BiLi 2016 1680 4 96 5.3 −50.5 to 85.5 2.06
14 THK-nf 2016 2702 1 48 2.7 −90 to 90 0.5
15 THK-ff 2016 2702 1 48 2.7 −90 to 90 1.5
16 SADIE II 2018 8802 23 48 5.3 −90 to 90 1.2
17 SS2 2023 1625 54 48 8.0 −69 to 90 2

Note: Data set 1–12 are from the Club Fritz database [6]. M = number of spatial positions; L = number of loudspeakers; fs = sampling rate;
D = HRIR duration; r = distance of the sound source. ARI = Acoustics Research Institute; IRCAM = Institut de Recherche et de Coordination
Acoustique/Musique; UMD = University of Maryland; NASA = Advanced Controls and Displays Group, NASA Ames Research Center; ITA =
Institute of Technical Acoustics, RWTH Aachen; Helsinki = Department of Signal Processing and Acoustics at Helsinki University of
Technology; NHK = Science & Technology Research Laboratories department of the Japan Broadcasting Corporation; NICT= Multisensory
Cognition and Computation Laboratory at National Institute of Information and Communication Technology; Nagoya = Takeda Laboratory,
Nagoya University; RIEC = Research Institute of Electrical Communication, Tohoku University; THK-nf = near-field (nf) data of the Technische
Hochschule Köln (THK); THK-ff = far-field (ff) data of the THK; SADIE II = database of the University of York; SS2 = Sound Sphere 2
database of Reality Labs Research.

this data set, consistent with the idempotent nature of the
operation.

Finally, diffuse-field HRTF magnitude spectra may also
exhibit left-right asymmetries caused by the measurement
environment or slight differences in the response or place-
ment of the in-ear microphones. This is clearly observed in
Fig. 3(c) for data set 17, where external in-ear microphones
were used. These asymmetries are effectively captured in
the estimated diffuse-field HRTF magnitude spectra and are
therefore addressed by the proposed normalization proce-
dure.

3.3 Spectral Consistency
Fig. 4 shows the left ear HRTF magnitudes at the frontal

direction before [Fig. 4(a)] and after the processing steps
described in SEC. 2 [Fig. 4(b)] for the 17 data sets. Note
that normalized data conserves its original sampling rate
and that zero-padding was applied to visually increase the
frequency resolution.

In Fig. 4(a), the original HRTF magnitudes exhibit differ-
ences in overall gain and various low-frequency and high-
frequency behaviors. In particular, data set 2 lacks energy
below 1 kHz and above 15 kHz. One notices the presence
of oscillations on some magnitudes, which can be due to
noise or reflections that interfere with the direct sound.
The amount of smoothing also depends on the number of
samples.

In Fig. 4(b) (after the normalization), a better spectral
consistency in overall gain and low-frequency behavior and
a reduction of oscillations is observed. At high frequencies,
the consistency is mostly improved by the low-pass filtering
at 18 kHz. However, the magnitudes of data sets 2 and 17

Fig. 4. Spectral magnitudes of the left ear HRTFs at frontal
direction from the evaluated data sets before (a) and after (b)
normalization.

drop at a lower frequency than the other curves (around
16.1 and 16.6 kHz, respectively, instead of 17.5 kHz).

As mentioned earlier, data set 2 lacks energy above
15 kHz, and data set 17 was low-pass filtered at 16 kHz by
the original laboratory. As designed, the normalization does
not compensate for missing energy in the range between
16 and 18 kHz because the magnitude of the diffuse-field
equalization filter is progressively flattened in this range. It
also does not resolve the spectral particularity of data set
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Fig. 5. Loudness differences (in sones) between all considered
data sets calculated before (a) and after (b) the normalization.
Note the different color scales between the two panels.

17 in the range between 7 and 12.5 kHz (note the notch
around 7 kHz instead of 8 kHz in the other data sets). This
is probably due to the use of external in-ear microphones,
whose position in the ears differs from the built-in dummy
head microphones.

To quantify the improvement in spectral consistency, the
spectral metric of the Baumgartner et al. (2014) model [47]
was used. Spectral profiles were computed by applying a
filterbank (composed of gammatone filters with one equiva-
lent rectangular bandwidth [ERB]) from 700 Hz to 18 kHz,
and the variance of the difference in decibels was calculated
for all pairs of HRTFs. Note that this metric is independent
from a difference in gain. Results indicate that the average
spectral difference at the frontal direction decreases from
14.36 dB to 2.46 dB after the normalization.

3.4 Perceptual Consistency
3.4.1 Loudness

To verify that the proposed normalization procedure re-
duces perceived differences in loudness between data sets,
the Moore-Glasberg method, as defined by ISO 532-2 [42,
48], was used (implemented in MATLAB functionacous-
ticLoudness). This loudness model calculates the spe-
cific loudness over the ERB scale for stationary signals.

A set of 46 directions was considered: 22 directions at
elevation 0◦ (horizontal plane) and 24 directions at elevation
20◦ (above the horizontal plane) that closely correspond to
directions of the 17 data sets, with an azimuth and elevation
mismatch of less than 2.5◦. The HRTFs at each of the 46
directions were resampled to 48 kHz to remove the effect
of the sampling frequency and filtered with a white noise
signal of a duration of 100 ms.

Fig. 5 shows the loudness differences between the 17
data sets before [Fig. 5(a)] and after the normalization
[Fig. 5(b)], averaged over sound directions. As expected,
the difference matrix was zero on the diagonal and sym-
metric about the diagonal. The normalization reduced dif-
ferences in loudness: the average loudness difference was
29.7 sones for original HRTFs, 2.1 sones for diffuse-field
equalized HRTFs, and 1.7 sones for normalized HRTFs. By
compensating for overall gain mismatches, the diffuse-field
equalization was mostly responsible for this improvement.

Fig. 6. Coloration differences (in sones) between all considered
data sets calculated before (a) and after (b) the normalization.
Note the different color scales between the two panels.

3.4.2 Coloration
To verify that the proposed normalization procedure re-

duces perceived differences in coloration between data sets,
the metric of McKenzie et al. [41] was used (implemented
as mckenzie2022 in the AMT). This metric, referred to
as predicted binaural coloration, is based on loudness cal-
culation and predicts the difference in perceived coloration
between two sets of binaural signals. It accounts for both
loudness and frequency weighting (lesser importance of
quieter sounds and less sensitive frequencies). This metric
has been shown to strongly correlate with subjective spec-
tral similarity ratings and to outperform other widely used
metrics.

To allow pairwise comparisons, both original and nor-
malized HRIRs were resampled to 48 kHz and zero-padded.
Also, to ignore overall gain differences (already studied
in the previous section), original HRTFs were normalized
in gain (by the overall maximum evaluated within a data
set). Finally, the metric was averaged over frequency bins
(weighted with respect to ERB bandwidth), 46 directions,
and two ears to obtain a single distance for each HRTF
pair. The full audible range between 20 Hz and 20 kHz was
considered.

Fig. 6 shows the predicted differences in perceived col-
oration between the 17 data sets before [Fig. 6(a)] and
after the normalization [Fig. 6(b)]. The normalization sig-
nificantly reduced differences in the perceived coloration:
the average difference was 3.8 sones for original HRTFs,
1.5 sones for diffuse-field equalized HRTFs, and 1.2 sones
for normalized HRTFs. As expected, diffuse-field equal-
ization helped to remove system-specific colorations. In
Fig. 6(b), higher differences are observed in perceived col-
oration for data set 2. The reason is that the amplitude below
1 kHz for this data set is very low and varies with direction.
As such, the normalization procedure failed to compensate
for the missing low-frequency energy in some directions.

3.4.3 Localization
To verify that the proposed normalization procedure re-

duces perceived differences in localization between data
sets, the Bayesian localization model from Barumerli et al.
[40] (implemented as barumerli2023 in the AMT) was
used to predict localization performance in both lateral and
polar dimensions.
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Fig. 7. Localization errors simulated for the tested data sets before
(original, blue circles) and after (normalized, red triangles) the
normalization. (a) accL and precL. (b) accP and precP. (c) querr.
The simulations were carried out with a model for directional
sound localization (Barumerli et al. [40]).

Templates and targets were defined using either the orig-
inal or normalized HRTFs, and model parameters were set
according to Daugintis et al. [49] (including 300 repeti-
tions). Predictions were conducted separately for each data
set, with the target and templates corresponding to the same
HRTF set. Data set 6 was excluded because it did not meet
the model criterion for the number of points.7 The 46 di-
rections as described in SEC. 3.4.1 (full azimuthal range at
elevations 0◦ and 20◦) were considered for the targets.

Fig. 7 presents the predictions of five localization met-
rics. The localization errors were calculated by subtracting
the target angles from the predicted response angles, fol-
lowing Majdak et al. [43]. Lateral and polar accuracy errors
(accL and accP) are measures of the signed average errors
in the lateral and polar dimensions, and lateral and polar
precision errors (precL and precP) are measures of the vari-
ance in the predicted responses, which can be interpreted
as a spatial blur in the lateral and polar dimensions, respec-
tively. Quadrant errors (querr) correspond to the percentage
of weighted polar errors exceeding 45◦ within lateral angles
of ±60◦. These weights compensate for the compression of
the polar angle at large lateral angles (see [43]). Note that

7 The model uses spherical harmonics decomposition up to order
NSH = 15 to interpolate the model features on a regular grid. For
this purpose, it requires that the number of points M of the input
data meet the condition M > (NSH + 1)2.

Table 2. Averages X KU100 and SDs σKU100 of localization
errors calculated over all considered data sets before (original)

and after (normalized) the normalization.

X KU100 ± σKU100

(original)
X KU100 ± σKU100

(normalized)

accL (◦) −0.05 ± 0.2 −0.09 ± 0.2
precL (◦) 3.52 ± 0.4 3.49 ± 0.4
accP (◦) −0.42 ± 0.6 −0.37 ± 0.6
precP (◦) 12.94 ± 1.8 12.34 ± 1.6
querr (%) 2.41 ± 1.1 2.03 ± 0.6

Note: The simulations were carried out with a model for directional
sound localization (Barumerli et al.) [40].

accP and precP were calculated with quadrant errors re-
moved.

In addition to Fig. 7, Table 2 gives the average X KU100

and SD σKU100 of each metric calculated across the
16 KU100 data sets before and after the normalization.
Note that, because the model is probabilistic, small varia-
tions of the metrics are expected when run over multiple
iterations.

The focus of this section is on the inter–data set con-
sistency in terms of localization, which is reflected in the
SD σKU100. The results shown in Table 2 indicate, if at all,
a small change in the SDs after the normalization. Only a
small decrease in precP and querr is observed, which sug-
gests a slight improvement in inter–data set consistency for
these two metrics. Changes in localization errors caused by
the normalization within each data set are analyzed in the
next section.

3.5 Preserving Spatial Information
3.5.1 Localization

To verify that the relevant spatial information has been
preserved in terms of sound localization, the localization
performance, as predicted by the Barumerli et al. model
[40], was compared for HRTF data sets before and after the
normalization.

Fig. 7(a) shows the lateral accuracy error (left) and lateral
precision error (right) before and after the normalization for
each of the 16 KU100 data sets (data set 6 removed). The
model predicted lateral accuracy errors close to zero and lat-
eral precision errors close to X = 3.5◦. A good consistency
was observed between the original and normalized cases,
which was confirmed by the averages in Table 2. Data set 12
exhibited a slightly distinct behavior, with a negative lateral
bias that decreased to −0.75◦ after the normalization and
a lateral variance of about 4.5◦ that increased to 4.9◦ after
the normalization. This distinct result might be explained
by a misalignment between the dummy head’s orientation
and the actual sound direction during the measurements.

Fig. 7(b) shows the polar accuracy error (left) and polar
precision error (right) after quadrant errors were removed.
For original HRTFs, the polar accuracy error was slightly
negative X = −0.4◦, and the polar precision was around
X = 13◦. Although the normalization had a small impact
on polar accuracy errors, Fig. 7(b) and 7(c) show that it
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Fig. 8. Spectral magnitudes of the left ear HRTFs from 17 data
sets of the same dummy head for the frontal direction (a), azimuth
and elevation angles of 0◦, and rear direction (b), azimuth angle
of 180◦ and elevation angle of 0◦, at eye level. Gray: individual
spectra after the normalization. Black: average of the original
spectra.

tended to reduce polar precision errors and quadrant errors,
especially for data sets 1 to 11. The fact that no processing
was applied to these data sets probably induced a larger
spatial blur in the polar dimension and larger inter–data set
variations, which were both reduced by the normalization.

According to the above observations, the normalization
had a negligible effect on the simulated localization per-
formance. It tended to reduce the variance of polar errors
and percentage of quadrant errors for data sets containing
a strong signature of the measurement system.

3.5.2 Spectral Inspection
To remove the signature of the measurement laboratory

from HRTF measurements, an alternative approach to the
normalization procedure proposed in SEC. 2 is to average
multiple data sets of the same head obtained in different
laboratories. The component specific to the measurement
system vanishes through the averaging, and the component
common to all data sets (i.e., specific to the head) remains.
However, this is limited to common directions. This ap-
proach was used to validate the results of the normalization
for the two directions that are common to the 17 data sets.
The black lines in Figs. 8(a) and 8(b) represent the HRTF
magnitude averaged over the 17 original HRTFs for direc-
tions 0◦ and 180◦, respectively.

Overall, a good fit is observed between the average curve
(in black) and the 17 normalized HRTF magnitudes (in
gray). This gives confidence that no information has been
lost through the normalization process. Small mismatches
can still be noticed, around 100 Hz because the normal-
ization process has forced the HRTFs to converge to 0 dB,
around 4.5 kHz because diffuse-field equalization tends to

Table 3. Averages X Bi Li and SDs σBiLi of localization errors
calculated over 54 data sets of the BiLi database before

(original) and after (normalized) the normalization.

X Bi Li ± σBi Li

(original)
X Bi Li ± σBi Li

(normalized) XSHM

accL (◦) 0.05 ± 0.2 0.08 ± 0.2 0.02
precL (◦) 3.64 ± 0.3 3.74 ± 0.3 4.10
accP (◦) 0.51 ± 0.6 0.28 ± 0.7 −4.41
precP (◦) 10.12 ± 0.8 10.38 ± 0.8 22.61
querr (%) 0.82 ± 0.6 1.28 ± 0.9 47.86

Note: The rightmost column provides references obtained for an SHM.
The simulations were carried out with a model for directional sound
localization (Barumerli et al. [40]).

reduce the pinna resonance, and above 16 kHz due to the
effects of diffuse-field equalization and low-pass filtering.

4 APPLICATION TO HUMAN HEAD-RELATED
TRANSFER FUNCTIONS

The normalization procedure could conceivably lead to
smoothing out both the intrasubject and intersubject spatial
cues. The risks could be to deteriorate the individual spatial
selectivity and to reduce the interindividual differences.
In SEC. 3.5, it was verified that the normalization did not
deteriorate the intrasubject spatial cues for a dummy head.
In this section, it will be verified that the same conclusions
can be drawn for human subjects and that the normalization
does not reduce the interindividual differences. To do so,
the HRTF data sets of 54 human subjects from the BiLi
database [44] were used. Additionally, the SHM was used
as a reference, simulating a human without a pinna, thus
illustrating the case where the spatial cues would have been
completely smoothed out.

The normalization was applied and then a similar eval-
uation was performed as in SEC. 3.5. Table 3 provides the
average X Bi Li and SD σBiLi across the 54 data sets. The
last column of Table 3 gives the simulation results for the
analytical solution of an SHM of radius 8.7 cm.

Similar to previous observations on the KU100, the nor-
malization had a tiny impact on the lateral accuracy and pre-
cision (accL, precL) and the polar accuracy and precision
(accP, precP). However, contrary to previous observations,
the percentage of quadrant errors increased slightly from
X Bi Li = 0.82◦ to X Bi Li = 1.28◦. Here, the SD σBiLi is an
indicator of interindividual variability. It was observed that
the SDs associated with these metrics changed insignifi-
cantly, indicating that interindividual characteristics have
been preserved.

Interesting observations can be made when comparing
the predicted localization performance between the KU100,
human subjects, and an SHM. When comparing Tables 2
and 3, similar errors were observed for accL, precL, and
accP between the KU100 and human subjects. However,
polar precision errors were somewhat smaller for human
subjects, with an average of X Bi Li = 10◦ compared with
X KU100 = 13◦. Quadrant errors were also slightly reduced
for human subjects, with an average of X Bi Li = 1◦ com-
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pared with X KU100 = 2◦. This could be interpreted as a
better spatial selectivity in the polar dimension in the case
of human subjects due to the presence of the torso and
finer details in the pinna morphology. Indeed, the KU100
dummy head does not have a torso and has a simplified
pinna morphology. The localization performance predicted
for the SHM supports this interpretation. Without the pinna,
the sphere lacks acoustic cues for sound localization along
the polar dimension, leading to significantly larger polar
precision errors and quadrant errors.

In view of these observations, polar precision errors and
quadrant errors can be interpreted as indicators of the indi-
vidual spatial selectivity in the polar dimension. The preser-
vation of these errors demonstrates the preservation of the
individual spatial selectivity.

5 DISCUSSION

The normalization procedure proposed in this paper was
applied and evaluated on 17 HRTF data sets of a dummy
head measured in eleven different laboratories. By using
models of auditory perception, it was shown that the nor-
malization improved the inter–data set spectral consistency
and consistency in perceived loudness, coloration, and lo-
calization. These results suggest that the normalization suc-
cessfully reduced the signature of the measurement labo-
ratory where those different HRTF data sets were acquired
and processed. The impact of the normalization on the
HRTF spatial cues was also evaluated using a localization
model. For this purpose, HRTFs of human listeners from
the BiLi database were used in addition to data sets of the
dummy head. The results indicate that the normalization
has a negligible impact on localization errors.

To validate this model’s predictions, listening tests could
be conducted, addressing other perceptual attributes and
confirming whether the HRTF data sets of the dummy
head are perceptually equivalent after the normalization.
Although the evaluation in this study mainly focused on the
perceptual aspects, it would also be interesting to evaluate
the normalization from the point of view of a computational
classifier.

Among the normalization’s processing steps, diffuse-
field equalization was a key step toward the data sets’ con-
sistency. A few shortcomings should, however, be noted
here. First, diffuse-field equalization was applied as if the
measurements were done with only one loudspeaker, which,
according to Table 1, is not true for most data sets. The
reason is that the information relative to the loudspeaker
used for measuring each direction was missing. Apart from
data sets 12, 13, and 17, it is not clear whether interloud-
speaker differences were compensated beforehand. Sec-
ond, diffuse-field equalization does not compensate for the
nonlinear phase characteristics of the measurement system
(e.g., of the loudspeakers). For these two reasons, it is of
particular importance that the effect of the equipment be re-
moved by the original laboratory before publishing HRTF
measurements. Finally, given Eq. (1), the estimation of the
diffuse-field filter depends on the number and distribution

of measurement points available. Future work includes the
identification of some conditions on the sampling grid that
would guarantee the validity of the diffuse-field HRTF es-
timate.

The normalization procedure proposed here consists of
six processing steps. However, additional steps might help
to further improve the consistency of, for example, the spa-
tial grid. A common spatial grid would benefit the follow-
ing: (1) diffuse-field equalization, by improving the con-
sistency of the grid on which the CTF is estimated; (2)
evaluations, by increasing the number of common direc-
tions between data sets; and (3) spatial audio applications.
Representing the HRTFs in a direction-continuous scheme
by, for example, using spherical harmonics, might be a use-
ful alternative to the currently common representation in
a grid of discrete spatial positions [50]. Other alternative
representations could be offered as options in the normal-
ization procedure, such as the minimum-phase plus ITD
approximation. Finally, note that a harmonization of the
sampling rate was not included in the normalization here.
A common sampling rate across all databases is not a trivial
choice because upsampling unnecessarily blows up the data
set size and downsampling implies a loss of information.

The next step seems to be the application of the nor-
malization to multiple HRTF databases and creation of a
large normalized HRTF repository. In this context, some
criteria should be defined to automatically verify the va-
lidity of the data before normalization (such as sufficient
signal-to-noise ratio).

This work does not aim at replacing the original ver-
sion of the HRTF measurements but rather at offering an
additional, normalized version that guarantees a better con-
sistency of HRTF data sets across many databases. For this
purpose, a label indicating that a SOFA file followed the
proposed normalization process could help in easy iden-
tification of a normalized data set. Finally, in an effort to
improve the consistency of future HRTF measurements, it
would be beneficial to define guidelines on the measure-
ment procedure and postprocessing methodology.

6 CONCLUSION

Here, the authors proposed a normalization procedure
for HRTF databases aiming at reducing the differences be-
tween them when measured for the same subject and re-
moving the signature of the measurement laboratory. The
normalization consists of six steps: low-pass filtering to har-
monize the high-frequency support, temporal alignment of
the HRIRs, temporal windowing to harmonize the HRIRs’
duration and envelope, diffuse-field equalization to remove
system-specific colorations, low-frequency extrapolation to
harmonize the low-frequency support, and far-field correc-
tion to harmonize the distances between the sound sources
and listeners. The normalization procedure is implemented
in the SOFA Toolbox version 2.4.0 and can be easily applied
to harmonize any existing HRTF data set.

The proposed normalization procedure was evaluated on
17 HRTF data sets of the same dummy head measured
in different laboratories in terms of its ability to improve
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the consistency between data sets and to preserve direc-
tional cues. To confirm the directional cue preservation,
the normalization was then applied to HRTFs of 54 human
subjects measured in the same laboratory, and simulated
localization errors were analyzed. The results show that
the proposed normalization procedure improved the con-
sistency between HRTF data sets measured on the same
head in different laboratories, significantly reduced the sig-
nature of the measurement laboratory, and preserved the
spatial information relevant for auditory localization.

The proposed normalization procedure can be applied to
existing HRTF databases to construct an aggregated HRTF
repository in which the HRTFs data sets of common sub-
jects are perceptually similar. This will facilitate the HRTF
comparison across databases and the development of future
individualization methods, such as the selection of an opti-
mal personal HRTF data set. The normalization procedure
in this study can also benefit applications involving binau-
ral synthesis by facilitating the joint use of HRTFs from
different databases, improving their perceptual consistency
and audio rendering quality.

This study indicates opportunities toward the definition
of a common guideline for the measurement and post-
processing of HRTFs. However, there are other data set
properties, such as the spatial sampling grid or the type
of HRTF acquisition (numerical simulations, acoustic mea-
surements), that will require further consideration in the
comparison and aggregation of various HRTF databases.
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