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» HRTFs are highly individualized [1-2];
» HRTFs are closely related to

anthropometry (torso, head, pinna);
» Anthropometry can be used for

HRTF individualization.

Anthropometry database

Anthropometry .. ...
of a new person Individualization

» Head-related transfer functions (HRTFs) contain sound
localization cues and are commonly used in 3D audio

HRTF Individualization based on Sparse

. .
Representations of Anthropometric features

Preprocessing and Postprocessing in HRTF Individualization

A(f)

Preprocessing of Anthropometry

Anthropometry database A:S subjects * 1 set of Anthropometry A(f)-min[ A(f)] s /= 1: Direct

Anthropometry of a new person A :1 subjects * 1 set of Anthropometry

A(i)(f)=< A(f)-mean[A(

)]

HRTF database H : S subjects * 1 set of HRTF std[ A ()]
HRTF of a new person H, :1 subjects * 1 set of HRTF td[AA( f()f)]
S 0
1 set of Anthropometry : F features where A, =[A A]

1 set of HRTF : D directions * K points
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Figure from [2]

HRTF of the Diagram based on [4]
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max| A, (f)]-min[A,(f)] / = 2: Min-max normalization
_ vf =12,.. F. /= 3: Standard score
=3 / = 4: Standard deviation normalization
i=4 Anthropometry

Preprocessing of HRTF H(d,k) ,m=1 1o D
m = 1: Magnitude H™ (d,k) = 20Ioglo[H(d,k)] =g o bt
m = 2: Log magnitude , k=12,.,K
m = 3: Power [H(dk)] ,m=3
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Sparse representation Postprocessing of Anthropometry wit D (d,k) ,m=1
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In total, we have 4x3x2x2 =48 variants of methods!

Experimental Results
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