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Abstract
Head-related transfer function (HRTF) is widely used
for binaural sound reproduction over headphones. However, the acquisition of HRTFs using traditional measurement is usually a time-consuming task and can be
only acquired at discrete directions. Recent work has
shown, that the HRTF measurement can be speeded up
and simpliﬁed via continuous acquisition by using an
adaptive ﬁlter (identiﬁcation of a time-variant system).
With this method the traditional sampling and interpolation of many diﬀerent positions can be avoided. There
are many diﬀerent adaptive ﬁlter types suitable for system identiﬁcation, therefore this work analyses and compares various adaptive ﬁlter algorithms like Least-MeanSquares (LMS), Normalized-LMS (NLMS), RecursiveLeast-Squares (RLS), etc. The goal of this work is to
achieve faster convergence speed and low steady-state
mean squared error. Thus, the convergence and tracking properties of these algorithms are analyzed and compared. This implies that time-invariant systems (ﬁxed
dummy head) as well as time-variant systems (continuously rotated dummy head) are evaluated for convergence
speed and tracking capability respectively. Furthermore,
the noisy environment during measurements has to be
considered. For this reason, it is necessary to simulate
diﬀerent additive noise levels to evaluate the algorithms’
behavior under these adverse conditions.

Introduction
Head-related transfer function (HRTF) is fundamental
for 3D audio reproduction via headphones. However,
HRTFs depend on the listeners ears, head and torso. The
perceptual externalization and the accuracy of localization are improved by using individual HRTFs for binaural synthesis [1]. Therefore, the individualized HRTFs
are needed. Two diﬀerent methods are widely known
to obtain individual HRTFs. The ﬁrst method is personalization HRTFs by using non-individualized HRTF
database and anthropometric features [2]. The second
method is direct measurement of individual HRTFs.
Individual HRTF measurements are usually time consuming and exhausting for the human subjects. Some
fast HRTF measurement methods have been developed
to improve the acquisition eﬃciency. For example, HRTF
measurement by applying the principle of reciprocity [3]
and multiple exponential sweep method (MESM) [4]. Enzner [5] introduced a measurement system for continuous

azimuth acquisition of HRTFs based on normalized least
mean square (NLMS) adaptive ﬁlter.
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Figure 1: System for HRTF acquisition with continuous rotation [5].

The system illustrated in Fig. 1 was proposed in [5]. In
this system, a (dummy) head is rotated continuously during the measurement; a reference signal x(k) is played
through a loudspeaker and the ear signals y1,2 (k) are
recorded with in-ear microphones during the rotation.
The HRTFs at any azimuth can be obtained through an
adaptive ﬁlter. Since the system is time-variant due to
the rotation, the estimation performed by the ﬁlter algorithm must be fast enough.
In this paper, we concentrate on continuous HRTF acquisition system with diﬀerent adaptive ﬁltering algorithms.
Diﬀerent adaptive ﬁlter algorithms are implemented, analyzed and compared with respect to fast convergence
and residual estimation error.
This paper is organized as follows. First, diﬀerent adaptive estimation methods are presented. The following
sections describe the simulation and measurement results. Finally, the conclusions and outlook are drawn.

Adaptive estimation methods
The system described by [5] models the ear signals y1,2 (k)
as
yi (k) =

N


x(k − n)hi (n, θk ) + nm (k)

(1)

n=0

= hi (θk )x(k) + nm (k)
where x(k) is the reference signal, hi (k) head-related impulse response (HRIR), i ∈ {1, 2} for left and right ears
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and nm (k) measurement noise. The estimation error is
deﬁned as
ei (k) = yi (k) −

ĥTi (θk )x(k)

(2)

where ĥi (θk ) are the estimated HRIR. Usually, adaptive
ﬁltering algorithms can be categorized into two groups:
stochastic methods and deterministic methods.

Deterministic methods
The deterministic methods minimize a cost function using the existing past values.
RLS: The Recursive Least Squares with forgetting factor is described by [6]. Here, the ﬁlter coeﬃcient vector
update is given by
ĥi (θk ) = ĥi (θk−1 ) + K(k)ei (k)

(9)

Stochastic methods
The algorithms in this group minimize the estimation
mean square error (MSE) using the step-size μ under the
assumption that MSE is a stochastic variable. In this
group LMS [6], NLMS [5], VSSLMS [7], MVSS [8] and
VSNLMS [7] are analyzed.
A. LMS: The Least Mean Squares algorithm, as described in [6], is the stochastic implementation of
steepest-descent. Here, the ﬁlter coeﬃcient vector update is given by
ĥi (θk+1 ) = ĥi (θk ) + μei (k)x(k).

(3)

B. NLMS: In contrast, the normalized LMS as used by
[5] updates the coeﬃcients as follows
ĥi (θk+1 ) = ĥi (θk ) + μ

ei (k)x(k)
.
||x(k)||22

where K(k) is the gain vector.
K(k) =

Ψ−1 (k) = λ−1 (Ψ−1 (k − 1) − K(k)[xT (k)Ψ−1 (k − 1)]).
(11)

Performance evaluation
Three scenarios are deﬁned in order to evaluate the characteristics of the mentioned algorithms:
1. Static at θ = 0◦ : The loudspeaker is ﬁxed direct in
front of the subject.

(4)

(5)

whereby the variable step-size μi (k) for each ear is updated by using the squared instantaneous a priori estimation error
μi (k + 1) = αμi (k) + γe2i (k),

(10)

where the forgetting factor λ < 1 and the Ψ−1 (k) matrix
is updated as

2. Dynamic steps θ = 0◦ → 45◦ → 90◦ : the head is
turned suddenly twice, each time after two seconds.

C. VSSLMS: A variable step-size for the LMS algorithm
is proposed by [7] as
ĥi (θk+1 ) = ĥi (θk ) + μi (k)ei (k)x(k),

Ψ−1 (k − 1)x(k)
,
λ + xT (k)Ψ−1 (k − 1)x(k)

3. Continuous rotation θ = 0◦ → 360◦ : The head is
rotated with an angular speed of 6 ◦ /s.
The following criteria are veriﬁed for the diﬀerent algorithms: Convergence time, tracking capability, normalized mean square error (NMSE) and Matlab computation
time.
Simulation

(6)

where 0 < α < 1 and γ > 0. Fast convergence is ensured and instability is avoided by restricting μi (k) to
[μmin , μmax ].
D. MVSS: The update of the variable step-size is modiﬁed by [8]. Instead of e2i the square of the time-averaged
estimate of the autocorrelation of ei in adjacent time
samples is used to update μi (k)
μi (k + 1) = αμi (k) + γp2i (k),

(7)

pi (k) = βpi (k − 1) + (1 − β)ei (k)ei (k − 1)

(8)

where

and 0 < β < 1.
E. VSNLMS: A variable step-size NLMS, described by
[7], combines the fast convergence of NLMS and the low
steady state MSE of VSSLMS. The ﬁlter coeﬃcient vector update is given by (4) but the step-size μi (k) is calculated by (6).

The CIPIC HRTF Database [9] is used to simulate the
described scenarios according to (1). Since the database
provides HRTFs for certain angles, the missing angles
are linear interpolated. As a reference signal x(k), white
gaussian noise is used. Furthermore, microphone simulating noise nm is added into the ear signals with a
signal-to-noise ratio (SNR) of 30 dB.
Measurement
The measurement serves to validate the simulation results. The measurement of scenarios 1 and 2 was performed in an anechoic chamber. For scenario 3 the reference and measured ear signals for continuous HRTF
measurement are used from the auditory modeling toolbox (AMT) [10, 11].

Results
The better the estimated ĥi (θk ) matches the real HRIR
hi (θk ), the smaller ei (k) is. Therefore it can be used as
indicator for quality. However, as [5, 12, 13] mentioned,
a small value of E[e2i (k)] does not always mean a small
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system distance. Therefore, the quality index is given by
the NMSE as
(12)

1. Static at 0◦ : In this scenario, the results are shown in
the interval [0 s, 2 s] of ﬁgures 2, 3 and 4. RLS has the
fastest convergence with and without microphone simulating noise, but shows the highest NMSE. VSSLMS and
MVSS are the algorithms with the slowest convergence.
VSNLMS and NLMS show the best NMSE without noise.
VSNLMS converges as fast as NLMS but reaches better
NMSE with noise. These algorithms show similar behavior for measurement and simulation with noise. On
average VSNMLS shows the best performance.
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Figure 4: HRTF estimation results in scenarios 1 and 2.
while measurement in anechoic chamber.
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Figure 2: NMSE results for adaptive ﬁltering algorithms
simulation without noise in scenarios 1 and 2.
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3. Continuous rotation: In this case, fast convergence as
well as low NMSE are important since it is a time varying
system. Results are shown in Fig. 5, 6 and 7. Results
show that VSSLMS has the slowest convergence with and
without noise. NLMS and VSNLMS show almost the
same NMSE without noise but VSNLMS is better with
noise. So on average the best performance is reached by
VSNLMS. For measurement the algorithms show similar
behavior as simulated with noise. Finally, the Matlab
CPU computation time is listed in Table 1.
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Figure 5: NMSE results for adaptive ﬁltering algorithms
simulation without noise for continuous rotation (scenario 3).
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Table 1: Matlab computation time for 60 s rotation signal.
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Figure 3: NMSE results for adaptive ﬁltering algorithms
simulation with 30 dB SNR in scenarios 1 and 2.

2. Dynamic steps: In this scenario, the results are shown
in Fig. 2, 3 and 4. The peaks after second 2 (45◦ ) and
4 (90◦ ) correspond to the sudden change of head direction. In both cases of simulation, VSSLMS shows the
slowest and RLS the fastest convergence, but RLS shows
the highest NMSE. VSNLMS reaches the best NMSE
with noise, even after tracking, so all these algorithms
are tracking-capable. Here, the simulations results with
noise can also be conﬁrmed after measurement.

VSSLMS

MVSS

NLMS

VSNLMS

RLS

23 s

27 s

29 s

36 s

8807 s

Conclusions
The results of simulation and measurement are consistent. NLMS and VSNLMS are equally good without noise, whereas with microphone simulating noise,
VSNLMS is as fast as NLMS but achieves lower NMSE.
It was shown that all illustrated algorithms support
tracking feature.
Furthermore the performance of
the algorithms crucially depends on parameter settings
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Figure 7: HRTF estimation results for continuous rotation
(Scenario 3) for the measurement in an anechoic chamber.

(λ, μ, α, γ) which depend on the measurement noise.
The Matlab computation time is signiﬁcant longer with
RLS than with LMS-based algorithms.

Outlook
More continuous HRTF measurements with diﬀerent rotation speeds have to be carried out in order to ensure
a good performance by unconstrained movements. And
hence variation of ﬁlter parameters with respect to different rotation speeds have to be examined. In order to
exploit the fast convergence and overcome the long calculation time of RLS, frequency-based RLS may be implemented. Furthermore a psychoacoustic evaluation of
measured HRTFs (e.g. ABX test) has to be performed.
Finally our results must be optimized for 2D continuous unconstrained measurement in azimuth and elevation
with headtracker.
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