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ABSTRACT

A learning-based method for estimating the magnitude
distribution of sound fields from spatially sparse measure-
ments is proposed. Estimating the magnitude distribu-
tion of acoustic transfer function (ATF) is useful when
phase measurements are unreliable or inaccessible and has
a wide range of applications related to spatial audio. We
propose a neural-network-based method for the ATF mag-
nitude estimation. The key feature of our network ar-
chitecture is the input and output layers conditioned on
source and receiver positions and frequency and the ag-
gregation module of latent variables, which can be inter-
preted as an autoencoder-based extension of the basis ex-
pansion of the sound field. Numerical simulation results
indicated that the ATF magnitude is accurately estimated
with a small number of receivers by our proposed method.

Keywords: acoustic transfer function, deep neural net-
works, autoencoder, magnitude distribution, spatial inter-
polation

1. INTRODUCTION

Sound field estimation, interpolation, capturing, or recon-
struction is a fundamental problem in acoustic signal pro-
cessing and machine learning, which aim to estimate a
spatial distribution of acoustic field from a discrete set
of sensor observations. The estimation of room impulse
response (RIR) and acoustic transfer function (ATF, the
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frequency-domain representation of RIR) is a special case
of the sound field estimation problem, where RIRs or
ATFs between unknown sources (loudspeakers) and re-
ceivers (microphones) are estimated from those between
known sources and receivers in a room. Such estima-
tion allows us to know the acoustic characteristics without
measurements and can be applied to various techniques
using RIRs and ATFs, such as speech enhancement, visu-
alization, and spatial audio.

There have been many studies on the estimation of
RIRs and complex-valued ATFs. One of the most widely
used techniques is the basis-expansion-based method,
which is based on the expansion of ATF into plane
wave functions, spherical wave functions, or equivalent
sources [1–3]. The method based on kernel ridge regres-
sion with the constraint that the estimated function sat-
isfies the Helmholtz equation is a generalization of the
basis-expansion-based method to infinite-dimensional ex-
pansion [4,5]. Recently, the learning-based method, espe-
cially the neural-network-based (NN-based) method, has
attracted attention because it allows us to estimate the
sound field with extremely few microphones, compared
with the methods not using training data [6–8].

In contrast to many ATF estimation methods, which
target the estimation of complex amplitude in the fre-
quency domain, this study deals with the problem of esti-
mating the ATF magnitude, i.e., the absolute value of the
complex amplitude in the frequency domain. The ATF
magnitude estimation technique will be useful when the
reference signal for RIR measurement from the source is
unreliable or cannot be output in the first plane. Specif-
ically, this is the case when the signals of each receiver
are not synchronized or when estimating the directivity
of musical instruments or other vibrating bodies. How-
ever, unlike the methods using the complex amplitudes,
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it is difficult for the ATF magnitude estimation to incor-
porate the physical properties of the sound field because
the governing equation of magnitude distribution cannot
be well represented.

We propose a learning-based method based on an au-
toencoder conditioned on the source position, receiver po-
sition, and frequency for estimating the ATF magnitude
distribution. In many current learning-based methods,
ATFs at fixed target positions are estimated from ATFs
at observation positions as their subset [6, 9]. Therefore,
it is difficult to estimate ATF at arbitrary positions and
to combine multiple datasets with different measurement
setups. Although there are no such restrictions with the
method based on implicit neural representation or neural
field (NF) [10, 11], the network needs to be retrained dur-
ing inference, which is computationally intensive. Our ap-
proach, based on the conditioned autoencoder, overcomes
these shortcomings. Our proposed method can be consid-
ered a nonlinear extension of the basis-expansion-based
method and is an extension of the method we proposed for
estimating the magnitude of head-related transfer function
(HRTF) [12].

2. PROBLEM STATEMENT

ATF from the source position y ∈ R3 to the receiver po-
sition x ∈ R3 at the angular frequency ω ∈ R is de-
noted as h(x,y, ω) (i.e., h : R3 × R3 × R → C). Sup-
pose that ATF magnitude in logarithmic scale is denoted
as a(x,y, ω) := 20 log10 |h(x,y, ω)|, and it is measured
at multiple positions, which are sparsely distributed inside
the target region Ω ⊂ R3. Our goal is to estimate a of the
given source position y at the target positions {x(t)

n }Nn=1

inside Ω from its sparse measurements at the measurement
positions {x(m)

m }Mm=1 (M ≪ N ).
In practice, the log-ATF magnitude is obtained for

multiple source positions and discrete frequency bins. By
defining the indexes of sources and frequencies as l ∈
{1, . . . , L} and f ∈ {1, . . . , F}, respectively, the discrete
value of the log-ATF magnitude is denoted as am,l,f for
the measurement positions and an,l,f for the target posi-
tions, where L and F are the number of sources and fre-
quency bins, respectively.

3. PRIOR WORK

We here briefly introduce prior work on RIR and ATF es-
timation. Many previous studies focus on the estimation
of the spatial distribution of RIR or complex-valued ATF.

There are few studies on the estimation of magnitude dis-
tribution, with a few exceptions [6, 9, 13].

3.1 Basis-expansion-based methods

In the basis-expansion-based methods, the ATF complex
amplitude h(x,y, ω) is approximated as the linear combi-
nation of basis function φj as

h(x,y, ω) ≈
J∑

j=1

γj(y, ω)φj(x,y, ω), (1)

where j is the index, J is the number of basis functions,
and γj is the jth expansion coefficient. For the basis func-
tion φj , plane wave function, spherical wave function,
and equivalent source are typically used because these
functions are the element solution of the Helmholtz equa-
tion [1–3]. For the measurement positions {x(m)

m }Mm=1,
Eq. (1) is rewritten as

h ≈ Φγ, (2)

where h ∈ CM , Φ ∈ CM×N , and γ ∈ CN consist of
{h(x(m)

m ,y, ω)}Mm=1, {φj(y, ω)}Jj=1, and {γj(y, ω)}Jj=1,
respectively.

The expansion coefficients {γj}Jj=1 are generally es-
timated by solving the following linear regression prob-
lem:

minimize
γ∈CJ

∥h−Φγ∥2 + λ∥γ∥22, (3)

where λ ∈ R≥0 is the regularization parameter. The ex-
pansion coefficients are simply obtained as

γ̂ =
(
ΦHΦ+ λI

)−1

ΦHh. (4)

The ATF at the target positions can be obtained by substi-
tuting the estimated expansion coefficients into Eq. (1).

Kernel ridge regression is also frequently used in the
sound field estimation problem, and it can be seen as a
generalization of the basis-expansion-based methods to
infinite-dimensional expansion. In [4, 5], the kernel ridge
regression with the constraint that the estimated function
satisfies the Helmholtz equation has been proposed.

3.2 Neural-network-based methods

Deep neural networks (DNNs) have also been applied to
the sound field estimation problem because of their high
adaptability and representational power [6–8]. There are
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several approaches to apply DNNs to the ATF estimation
problem. One approach is to set the DNN output to dis-
cretized values of ATF at the target positions [6, 14]. The
DNN input is the observations at the measurement posi-
tions chosen from the target positions. Thus, the DNN
parameters are optimized by minimizing a loss function
defined for a pair of observation and target ATF data.

The other approach is the use of implicit neural rep-
resentation or NF, where the continuous function h is rep-
resented by DNNs [15,16]. The input and output of DNN
are the argument of h, i.e., x, and the scalar function value
approximating h(x) ∈ C. The implicit neural representa-
tion is typically used in PINNs by incorporating the regu-
larization term that evaluates the deviation from the gov-
erning equation [17, 18].

The main drawback of the first approach is the prede-
fined target positions. Since the DNN model is trained to
estimate the ATFs at the fixed target positions from the
measurements at their subset positions, it is difficult to
combine multiple datasets measured on different setups.
The second approach, the NF-based approach, makes it
possible to estimate the ATF at an arbitrary target posi-
tion. However, the NF-based methods are usually applied
to estimate the ATF only with a single observation. To
apply the NF-based method as a learning-based method,
the NF-based DNN model is trained by using the train-
ing data, and the DNN parameters are optimized again for
the test data, which generally requires high computational
cost.

4. PROPOSED METHOD

In the basis-expansion-based methods described in Sec-
tion 3.1, the sound field is expanded by predefined spa-
tial basis functions, and the expansion coefficients are ob-
tained by linear regression using the measurements. The
expansion coefficients are generally independent of the re-
ceiver position, whereas the basis functions depend on the
receiver position.

We propose a learning-based method for estimating
the log-ATF magnitude, which is based on the DNN
trained by an,l,f for multiple source positions. Our pro-
posed method is regarded as a nonlinear extension of the
basis-expansion-based method by using an autoencoder
consisting of the encoder and decoder conditioned on the
receiver positions and the receiver-position-independent
latent variables, i.e., the input of the decoder. A similar
technique has been applied to the HRTF upsampling [12].

4.1 Model

Figure 1 shows the proposed network architecture, which
consists of an encoder, an aggregation module, and a de-
coder. Based on the insights described above, the en-
coder and decoder weights depend on receiver positions,
whereas the decoder input is independent of receiver posi-
tions. In addition, the encoder is conditioned on the source
positions, frequency, and the number of observations, and
the decoder is conditioned on the source positions and fre-
quency.

The detailed network architecture is almost the same
as the one proposed in [12]. The weights and biases of
the encoder and decoder are independently generated by
NN with the input of the conditioning vector. The con-
ditioning vector is a concatenation of the receiver posi-
tions, source positions, angular frequencies, and number
of observations (only for the encoder). The elements of
the conditioning vector are normalized by their maximum
values. Then, Fourier feature mapping (FFM) [19] is ap-
plied as a preprocessing step. The weight/bias generators
consist of fully connected layers, layer normalization, and
Mish nonlinearity.

The encoder transforms the sparse log-ATF magni-
tudes am,l,f into latent variables zm,d,l,f , which consists
of layer normalization, the Mish nonlinearity, and hyper-
linear layers [20]. Then, the latent variables, zm,d,l,f , are
averaged over the measurement positions as

z̄d,l,f =
1

M

M∑
m=1

zm,d,l,f , (5)

which is referred to as prototypes as used in the prototyp-
ical network [21].

The decoder generates the log-ATF magnitudes ân,l,f
at the target positions from the prototypes z̄d,l,f , which
consists of layer normalization, the Mish nonlinearity, and
hyper-linear layers.

4.2 Loss function

The loss function L for the training is defined as the mean
log-spectral distortion (LSD) of the ATF as

L =
1

NL

∑
n,l

√
1

F

∑
f

(ân,l,f − an,l,f )
2
. (6)

5. EXPERIMENTAL EVALUATIONS

We evaluated the proposed method, comparing it with the
method based on the kernel ridge regression and NF-based
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Figure 1: Outline of proposed network architecture.

Figure 2: Experimental setting.

method.

5.1 Experimental setup

We generated an ATF dataset of a single room by
using acoustic simulation based on the image source
method [22]. As shown in Fig. 2, the shoebox-shape room
with the size of 4.0 m × 6.0 m × 3.0 m was assumed.
The cuboid target region was set at the center of the room,
and its size was 1.0 m × 1.0 m × 1.0 m. The 1331 tar-
get positions were obtained by discretizing the target re-
gion every 0.1 m. The 1024 source positions were ran-
domly chosen within the room, excluding the target re-
gion. The RIRs were generated by setting the target rever-
beration time to 200 ms by using pyroomacoustics [23].
The sampling frequency was 2000 Hz, so the maximum
frequency of the target was 1000 Hz. The log-ATF mag-
nitudes were obtained by truncating the RIR into 128 sam-
ples and Fourier transform. The ATF dataset of the 1024
source positions was separated into training, validation,
and test data, which contain 820, 122, and 122 log-ATF
magnitudes, respectively. We investigated M = 5, 10, 20,
and 100 for the number of measurements, and the mea-
surement positions were randomly chosen from the target
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Figure 3: Average LSD with respect to the number
of microphones.

positions.
The proposed DNN was trained for 1400 epochs using

Adam optimizer [24]. The learning rate was 10−3 for the
first 800 epochs, 10−4 for 801-1200 epochs, and 10−5 for
1201-1400 epochs. The number of measurements M used
for the training was larger than that for the validation and
test. For example, the network for M = 5 was trained
for M = 5, 10, 20, and 100, but that for M = 100 was
trained only for 100. The used DNN for evaluation was at
the epoch with the smallest validation loss.

In the kernel ridge regression (KRR), the log-ATF
magnitudes at the target positions were estimated from
the observations only in the test data because KRR is not
a learning-based method. For the kernel function, we
used Gaussian kernel [25] because the constraint of the
Helmholtz equation is not valid for the magnitude mea-
surements. The precision (the inverse of the variance) in
the Gaussian kernel was set to 10−2. The regularization
parameter in KRR was set to 10−3.

The DNN model for the NF-based method had the
input of the source position, receiver position, and angu-
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Figure 4: Estimated ATF magnitude at the center of
the target region when M = 5.

lar frequency and the output of the log-ATF magnitude.
The input was normalized by their maximum values, and
FFM was applied. Then, three fully connected layers of
128 neurons and the ReLu activation function [26] were
applied. The loss function was the LSD of the ATF mag-
nitude. The network was trained on the training data with
1400 epochs and validated and tested by fine-tuning the
entire network with 10 epochs, using Adam optimizer.
The learning rate was 10−5.

5.2 Experimental results

Figure 3 shows the average LSD with the standard devi-
ation on the test data with respect to the number of mea-
surements M . The LSD of KRR deteriorates rapidly as
the number of observations decreases because KRR does
not use the training data. The NF-based method showed
nearly constant LSDs. The LSDs of NF were lower than
those of KRR for M = 5, 10, and 20, but higher for
M = 50 and 100. The LSDs of the proposed method were
the lowest for all the numbers of observations. Therefore,
the learning-based methods are effective when the num-
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Figure 5: Magnitude distribution on x-y-plane at
z = 0 at 250 Hz when M = 5.

ber of observations is small, owing to the extraction of
ATF properties from the training data. Since the proposed
method showed high performance in both cases where the
number of observations is small and large, the proposed
model can successfully learn the characteristics of ATF.

The true and estimated ATF magnitudes at the center
of the target region for the case of M = 5 are shown in
Fig. 4. The estimated ATF of KRR fluctuated to a large
extent, especially above 300 Hz. The ATF magnitude
of NF was like a smoothed version of the true ATF. Al-
though the LSD was smaller than that of KRR, it did not
capture the fine structure of ATF at all. In contrast, the
proposed method captured fine structures up to approxi-
mately 400 Hz and also captured the general shape at fre-
quencies above that.

Figure 5 shows the spatial distributions of the true and
estimated ATF magnitude on the x-y-plane at z = 0 in
the case of the frequency 250 Hz and M = 5. The true
distribution shows large peaks and dips, but the estimated
distribution of KRR was slanted largely in the positive y
direction, while that of NF was almost constant. In the
proposed method, although the estimated distribution was
somewhat different from the true distribution in the region
of x > 0 m and y > 0.2 m, it showed a magnitude distri-
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bution similar to the true one.

6. CONCLUSION

We proposed a method for estimating the ATF magni-
tude distribution based on autoencoder conditioned on
source and receiver positions and frequency. Our pro-
posed method allows us to combine multiple datasets
measured by different measurement setups and also keep
the computational complexity low during inference. Nu-
merical experiments have shown that the proposed method
achieves high estimation accuracy even when there are
only a few observations.
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