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ABSTRACT

Due to its flexibility, the higher-order Ambisonics (HOA) sound
format is widely used in spatial audio applications like virtual reality
(VR). The spatial accuracy is sensitive to the HOA order, which is
limited by the recording and reproduction hardware. To enhance
accuracy, the directional audio coding (DirAC) method prioritizes the
improvement of perceptual quality over physically accurate spatial
representations. We propose a novel neural network architecture that
performs HOA upscaling within frequency subbands independently
by leveraging the properties of spherical harmonics basis functions
that are inherent in the HOA transformations. Although the proposed
network is trained on synthetic data, a 63% variance reduction of the
spatial similarity is achieved compared to DirAC, while both methods
exhibit similar average performance for real-world measurement
data. This makes our model beneficial for applications which require
reliable spatial representations.

Index Terms— Deep neural networks, frequency domain, higher-
order Ambisonics, spatial audio, upscaling

1. INTRODUCTION

Acoustic scenes captured with sound source direction information
can create immersive experiences when played back over loudspeak-
ers [[1]]. A flexible sound format to achieve that is Ambisonics, whose
foundations were introduced in the pioneering work of Gerzon [2].
This technology has gained significant interest and found applications
in the consumer market [3,/4]]. Advancements in recording hardware
and loudspeaker systems have made higher-order Ambisonics (HOA)
possible, which allows for increased spatial resolution and a larger
sweet spot size, and thus a more accurate representation of sound
fields [5H8]].

Despite enhanced sound field representations through HOA, spa-
tial resolution remains constrained by the number of microphones
in recording and loudspeakers in reproduction [9H11]. To overcome
this limitation, algorithmic approaches have been proposed which
artificially increase HOA order. In [12-14], a small number of sound
incidence directions is assumed and a sparse plane-wave decomposi-
tion is performed. The directional audio coding (DirAC) introduced
by Pulkki [|15]] is a parametric time-frequency method, which has
been standardized in [[16]. This algorithm estimates direction of ar-
rival (DOA) and diffuseness parameters from Ambisonics signals in
time-frequency blocks. Following this estimation step, vector base
amplitude panning (VBAP) [[17]] gains are applied to steer sound
towards desired directions, while decorrelation blocks maintain inco-
herence in diffuse parts of the sound field. This algorithm prioritizes
assumptions about spatial properties and their relation to human au-
ditory perception over physically accurate spatial reproduction. As
reported in [[15]], model parameters must be adjusted based on spatial

recording conditions, and the decorrelation filters are designed using
complicated heuristics during implementation.

Additionally, deep learning techniques have emerged as viable
alternatives to increase the HOA order, which simplify the processing
by eliminating the need for DOA and diffuseness estimation. For
example, recent studies propose deep learning models that process
recorded spherical microphone array signals to enhance sound field
reproduction [18,[19]]. Other deep learning methods that operate
within the HOA domain have also shown potential benefits [20].

In our previous work [21]], we proposed to use gated recurrent
units (GRUs) [22] in the time domain for the HOA upscaling problem,
and presented a data generation method to tackle the challenge of
limited training data. This paper builds upon that foundation and
introduces a novel deep learning model. As a novelty, our approach
leverages the properties of spherical harmonics basis functions inher-
ent in the HOA transformations, which allows us to perform upscaling
independently within frequency subbands.

We train GRUs on purely artificial sound scenes characterized
by harmonics within frequency subbands. This paper further extends
the training dataset from [21]] by incorporating time-varying frequen-
cies to reflect non-stationary audio signals in practice [23]. Through
simulations, we compare our model against the fullband GRUs from
our previous work [21]] and DirAC. The comparison is conducted on
test datasets that comprise real-world recordings of musical instru-
ments and speech. The evaluation results indicate that our approach
consistently achieves higher reliability in reproducing sound source
directions in non-diffuse sound fields. We present examples from the
test dataset to further substantiate the significance of the performance
characteristics of our model.

2. THEORETICAL BACKGROUND

Considering spatially discrete sound sources, directional information
about a sound field which is defined on the surface of a sphere with
unit radius S? = {w € R3 : |jw|| = 1} can be expressed using the
amplitude density vector [12]]

x(k) = (z(k, 1), z(k, @2),...,2(k,Op))", 1)

which is characterized by the direction-specific amplitudes among
a total of U sources. Here, ()T denotes the transpose of a vector,
k= @ is the wavenumber, f denotes the frequency and ¢ = 343 =
is the speed of sound. The direction vector @, = (0., ngu)T with
source index v = 1,...,U consists of inclination 6,, € [0, 7] and
azimuth ¢, € [—m, 7). As (I) is defined on the unit sphere, it is
convenient to express sound fields using the spherical harmonics
transform (SHT) [24]

Tnm (k) = Ya(k) 2)
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with the (N + 1)? x U spherical harmonics matrix
Y = (y(©1) y(©:) y(0v)) 3)

and (N + 1)*-dimensional spherical harmonics vectors evaluated at
the source directions ®.,

y(©,) = (W(©), Y7 (@), ¥ ©) . @

Here, N denotes the maximum spherical harmonics order. The vec-
tor (@) stores the spherical harmonics basis functions

m 2n+1 (n —m)! m
YO =\ T ey Y
V2 cos (mdu) ifm >0
- P (cos(0u)) ¢ 1 ifm=0 (5
—/2sin (m¢,,) ifm <0,

where P;" (+) are the associated Legendre functions and (-)! denotes
the factorial function. Although the definition of Y,;" varies in the
literature, the real-valued N3D-normalized definition (3)) is used in
many applications, e.g., those found in [1}[25]. Furthermore, the
spherical harmonics order index n = 0,1, 2, ... N and degree index
m = —n,...,n adhere to the Ambisonics channel number (ACN)
convention [26]]. Thus, the spherical harmonics representations in (2
are expressed by

a}nm(k) = (CCoyo(k)),{E1,71(k‘),...,{EN,N(]C))T. (6)

This formulation of the sound field is more abstract compared to (I)
because the spherical harmonics weights are independent of sound
source directions. The time-domain signal &, (t) with discrete-time
index ¢t is referred to as the HOA signal. A perfect representation
of a sound field would require N — oo, which is not feasible. In
practice, this limitation can cause sound sources to appear displaced,
potentially degrading the virtual reality (VR) experience, as will be
further analyzed in Sec. ]

2.1. Spatial Analysis of Higher-Order Ambisonics Signals

Statistical properties of stationary ergodic processes can be analyzed
based on only a single observed process [27]. A powerful metric for
assessing the spatial properties of HOA signals is the (N + 1)2
(N + 1)? spatial covariance matrix defined as [28]]

T = Ei{@nm(t)@mm (1)}, @)

where E;{-} denotes the expectation operator that is applied over time.
In practice, audio signals typically exhibit time-variant statistics and
are considered non-stationary. However, stationarity can be assumed
in shorter time frames, which is valid, e.g., for speech signals [23]].
Consequently, applying (/) to the entire signal yields an average of
momentary statistics over shorter, stationary time frames. Using (7)),
spatial distribution of energy in a sound scene can be calculated at

directions © = (0, ¢)" via the steered response power (SRP)
_ 47 T

where the term +1)2 acts as a normalization factor to ensure unit
power density when I'y,,,,, = I. Based on and (§), a scale-
invariant measure that defines the similarity between two sound field

power distributions can be calculated as [29]

5 [[s P(©)P(©)dS

. VILIP©)2 a8/ [T [P

©)2ds

which is referred to as the spatial similarity in [28]]. In practice, the
surface integrals in (9) are approximated by evaluating (8) at multiple
directions within a defined grid. A widely used sampling scheme is
the quasi-uniform Fliege/Maier grid [30], known for its high accuracy
in integrating functions on spheres. In Sec. @ (@) will be used to
evaluate the physical accuracy of all models by comparing the target
signal SRP P(©) with the estimated signal SRP P(©).

3. AMBISONICS UPSCALING

In this work, upscaling HOA signals involves estimating the coef-
ficients needed to obtain the HOA signal at a desired order N > 1
given a first-order Ambisonics signal, i.e.,

2l (1) B 500 (1), (10)

where 2 m(t) € RY represents the first-order Ambisonics signal,
and w%NT,)L( t) € € RVFD” s the estimated HOA signal. It is evident
in (T0) that (N + 1)2 — 4 coefficients need to be estimated, which
rises quadratlcally with NV and may become infeasible at higher orders.
As aremedy, [20] proposed a sequential HOA upscaling framework in
which L = N — 1 individual models perform upscaling from order 1
to N, where each model [ is responsible for upscaling from order [
to [ + 1. This approach was later adopted by us in [21]], where fully
connected structures were replaced by GRUs. In the following, we
will take up the idea of this sequential procedure and propose a novel
model within this framework based on certain assumptions derived
from the signal model presented in Sec.

3.1. Proposed Framework

Suppose we have an /N-th order spherical harmonics representation
denoted as 1y (k). Then, its truncation is based on the Y matrix (3
which is independent of k. This frequency-independency applies also
to the “inverse problem” of HOA upscaling, which motivates us to
study network architectures with model weights that are shared across
different frequency subbands. Moreover, it is reasonable to assume
that in an acoustic scene with multiple sound sources, individual
frequency bands will be occupied by only a small number of sound
sources at any time instance [12}|13]. This allows us for independent
upscaling within each subband. By leveraging these properties of
the spherical harmonics basis functions and the assumptions about
the sound field in our model design, we achieve a low-complexity
architecture which is computationally efficient.

Fig. [Taillustrates the sequential framework for HOA upscaling in
the time-frequency domain. First, the time-domain Ambisonics signal
mg,)n (t) € R* is divided into A overlapping frames and transformed
to the time-frequency domain with B frequency bins using the short-
term Fourier transform (STFT), which results in the time-frequency
representation algmlr)n(/\, u) € C* where A = 0,..., A — 1 denotes
the frame index and = 0, ..., B — 1 the frequency bin index. The
first model [ = 1 is then trained to estimate the next-order HOA
frequency bins ) (A, i) € C@*3) which are concatenated with
the model’s input to construct the next-order HOA frequency bins
Bt () € CU+2* Each subsequent model I > 1 uses the
output from the preceding model I — 1 and the process continues
iteratively. In total, L = N — 1 independent networks need to be
trained for this task. During inference, the input frequency bins pass
sequentially through all individual models to obtain the upscaled
frequency bins at the desired HOA order, where estimated time-
domain signals w%w)b(t) are reconstructed using the inverse discrete
Fourier transform (IDFT), followed by an overlap-add method [23|].
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(a) Block diagram of sequential architecture of HOA upscaling.
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(b) Block diagram showing the models { > 1 of the proposed
architecture from Fig. The dashed lines indicate the concate-
nation of model estimations with the input for the [-th model.

Fig. 1: Architecture of the considered HOA upscaling system.

Fig. [Ib] provides an in-depth view of model [ > 1, which is re-
sponsible for upscaling its input by one order. Consistent with the pre-
viously described simplifications, a single model handles the upscal—
ing of both the real and imaginary parts, §R{wnm w}eR (1+1)2
and \s{mnm (A } S R(H'l) Each model [ consmts of a bidirec-
tional GRU, which maps (I 4 1)? coefficients for each subband to
2 X N}, hidden features per frame A. The fully connected output layer
processes the GRU output using a linear activation. The resulting sig-
nal is then concatenated W1th the input to obtain the next-order s1gnals
%{iéﬂ A 1 } c RU+2? 4nd & { Aer A } c R

For thls task, alternative archltectures such as convolutional
neural networks (CNNs) or transformers could also be considered.
While CNNs excel at modeling local patterns, they may struggle to
capture long-term temporal dependencies, and transformers typically
require more data to be effective. We adopt bidirectional GRUs as
a computationally efficient model that captures both past and future
temporal context and is well suited to limited data and resources.

3.2. Data Generation

In the following, we focus on directional sound scenes, which results
in a simplified signal model without diffuse components. In our pre-
vious work [21]], we showed that sinusoidal sources with harmonics
can serve as a suitable method for data generation

i —&Bu 51n< €+1) 27Tfit+Aau> ) (11)

where we added = = 4 harmonics into the signal. Here, a, de-
notes the amplitude, 3, the decay factor, f the frequency, fs the
sampling rate, and Aq,, the phase shift. In this study, we adopt a
similar approach and extend this data generation technique by in-
corporating time-varying f(t) between subsequent frames to reflect
non-stationary behavior of typical audio signals [23]]. Hence, the
fixed-frequency f in is replaced by a time-varying frequency

f@&)=fo- (1 + sin ( Wji—t)) (12)

where fo denotes the fundamental frequency and f, the frequency of
an oscillating term drawn from a random uniform distribution from

the interval [10, 80] Hz. The oscillating term has a maximum ampli-
tude of 2f;. The following parameters were sampled from random
uniform distributions: The amplitude a,, € [0.4, 1], the decay factor
Bu € [0, 2], the phase shift Ac, € [0,27), and the fundamental fre-
quency fo € [20, 1500] Hz, which reflects the range of fundamental
frequencies of typical musical instruments and speech signals. Us-
ing (TT) and (), individual sinusoidal sources were placed in the far
field at directions @, sampled from a random uniform distribution
on the whole sphere, i.e., 0 € [0, 7] and ¢ € [, 7).

In total, 15 x 10° acoustic scenes, each containing between 1
and 5 sinusoidal sources, were generated for training by inserting the
randomly chosen parameters into and with 2 = 4 and time-
varying frequencies f(¢). At a sampling rate of f; = 44.1 kHz, this
corresponds to approximately 0.68 hours of training data. To demon-
strate the efficacy of the proposed model architecture, we generated
an equivalent amount of data using the randomly chosen parameters
from the same intervals described above, along with = = 4 and
time-varying frequencies f(¢) to train the fullband GRUs from our
previous work [21], which operate in the time domain. A validation
dataset with 2 x10° (approximately 0.09 hours) samples was gener-
ated by randomly selecting musical instruments and speech signals
as sound stimuli from the EBU-SQAM dataset [31]] and using @]}

4. EVALUATION

To assess model performance under different conditions, we consid-
ered four scenarios: The first scenario with 2 sound sources per scene,
the second with 3 sound sources, the third with 4 sound sources, and
the fourth with 5 sound sources. At each scenario, we created a sepa-
rate test set with 5 x 10® samples (approximately 0.23 hours long)
for each upscaling order [ 4 1 by randomly selecting speech stimuli
from the HiFi-TTS dataset [32], and musical instrument signals from
the musical instrument’s sound dataset [33]]. The sound sources were
placed randomly on Fliege/Maier [30]] sampling grids with the num-
bers of sampling points Q) = 9, 16, 25, 36 and 49, which correspond
to the upscaling orders [ + 1 = 2, 3,4, 5 and 6, respectively.

To ensure a fair comparison, we adhered to the signal processing
parameters that were configured in the open-source code example
of the DirAC method provided by the authors in [[15]. We gener-
ated HOA signals with a length of 4096 time samples which results
in signals that are approximately 93 ms long at f; = 44.1kHz. In the
preprocessing step, these signals were divided into seven overlapping
frames, each containing 1024 samples, using Hann windows with
50% overlap. The number of frequency bins for the discrete Fourier
transform (DFT) was set to 2048. In accordance with the specified
parameters from [21]], we generated HOA signals with a length of
512 time samples for training the fullband GRUs in the time domain.

After a hyperparameter search, each model [ in Fig.|l|and each
fullband GRU from [21] was configured with a hidden size of Ny =
128, and trained for 200 epochs to ensure convergence. Adam opti-
mizer [34] was employed with an initial learning rate 10~*, which
was reduced by a scheduler if no progress was observed over a pa-
tience period of 10 epochs. Mean squared error (MSE) loss was
employed to train the models.

Since DirAC yields signals at the Fliege/Maier grid sampling
points instead of directly in the HOA domain, the resulting signals
were converted into the HOA domain using (Z). In this process, the
spherical harmonics matrix Y was evaluated at the directions of the
sampling points. Note that the aim of creating the test set completely
on Fliege/Maier grid sampling points is to prevent additional errors
that could otherwise arise for DirAC if the grid sampling points do
not exactly match the ground truth source directions.
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Fig. 2: Box plots representing spatial similarity distributions on test
sets for DirAC (), the fullband model from [21]] (¥), and the proposed
model (¥). Both deep learning models were trained on sinusoidal data
with harmonics and time-varying frequencies (as defined in (T2)).

4.1. Spatial Similarity

We calculated the spatial covariance matrices for the estimated signal
T's,... and reference signal I's,,,,, using (7) for each test sample at
each upscaling order [ + 1. Subsequently, we computed SRP maps
using (8) on a dense Fliege/Maier grid [30] with @ = 900 sampling
points to ensure high accuracy in approximating the integral in (9).

Fig. 2] displays the spatial similarity from DirAC, fullband and
the proposed models across all test datasets, represented as box plots.
Higher similarity implies more physically accurate sound field re-
production, and the proposed model trained on sinusoidal data with
harmonics and time-varying frequencies outperforms the others at
every upscaling order and in all cases. In contrast, the fullband model
exhibits the lowest median spatial similarity across all scenarios. For
example, in the case of two sources, the average spatial similarity of
the proposed model is 1.5% higher than DirAC and 4.5% higher than
the fullband model at order 2. As the upscaling order rises, median
similarity decreases and the variance increases for all models, which
hints at less reliable estimations. However, the advantage of the pro-
posed model becomes evident as it consistently exhibits remarkably
the lowest variance in all cases.

Additionally, performance declines across all models as the num-
ber of sound sources in each scene increases. Under these conditions,
the proposed model shows higher median values and lower variance,
whereas the fullband model maintains lower variance but exhibits
notably lower median values than DirAC across different upscaling
orders. For example, at the upscaling order 6 with five sources, the
proposed model achieves a median spatial similarity of 87.5% with
variance not exceeding 0.011. In contrast, DirAC has a median of
85.5% with variance slightly above 0.029, while the fullband model
has a median of 61% and a variance greater than 0.016. This im-
provement corresponds to an approximate 63% reduction in spatial
similarity variance while maintaining a similar median similarity
across the entire dataset by the proposed model, which indicates
more physically accurate sound field representation even in more
complicated scenarios involving multiple sources.

4.2. Steered Response Power Maps

To gain insights into the relationship between spatial similarity values
and reproduced sound source directions, we consider an example

=

g ‘g
£ ; oz
= Ay
| -10 &
) Target

£ —15
=) 0

£ )
8 2 2
£ [ ~10 %
S DirAC Novel «
k=] T —15

™ 7/2 0 x/2 TT g/2 0
Azimuth (rad)

/2 T
Azimuth (rad)

Fig. 3: SRP maps from first-order Ambisonics input, target HOA sig-
nal at order 6, and estimated HOA signals from DirAC and proposed
models at order 6 for a sound field from the test set. Ground truth
sound source directions are marked by triangles (A).

from the test set featuring U = 5 sources in the far field: A drum
at the direction @1 = (1707r7 ZmT, Violin% at @2 = (£r,0)" and
O3 = (8, % )T, apiano at @4 = (227, 27) )T, and an acous-
tic guitar at @5 = (gé m, 1—2527r YT, Fig.[3 i displays the SRP maps
from the input signal of order 1, the target signal of order 6, and the
estimated HOA signals from both DirAC and the proposed model.
The associated sound source indices are included to indicate the cor-
respondence. Here, DirAC achieves a spatial similarity of n = 83%,
while the proposed model yields 7 = 86%. These values represent
the portions surrounding the medians for both models in Fig. |Z|t0
ensure a fair comparison in typical scenarios.

In all cases, non-infinitesimal main lobe width and surrounding
ringings result from the order truncation of the HOA signals [28]]. The
low order of the input leads to insufficient spatial resolution, resulting
in a wide main lobe that makes it difficult to distinguish between the
sound source directions. The target displays five clear peaks, some
with lower magnitudes due to randomly assigned amplitudes during
data generation (cf. Sec. @ Although DirAC accurately reflects
most peaks, it shows high-magnitude areas between certain peaks
where there is no sound source present. For example, this occurs
between the two violins (indices 2-3), and the violin and the acoustic
guitar (indices 3-5). In contrast, the proposed model captures all
these peaks while effectively suppressing undesired components in
the resulting signal, ultimately achieving better spatial resolution. In
the given example, the proposed model demonstrates better perfor-
mance in terms of achieving a more physically accurate sound field
representation as also indicated by its higher spatial similarity.

5. CONCLUSION

We propose a low-complexity deep learning approach for Ambisonics
upscaling that exploits the frequency-independent spherical harmon-
ics basis functions in the HOA transformations. By processing each
subband independently, the model remains computationally efficient.
It is trained on synthetic sinusoidal data with harmonics and time-
varying frequencies, and evaluated on musical instrument and speech
recordings. Simulation results show that, despite being trained only
on synthetic data, the proposed method outperforms the parametric
time-frequency approach DirAC in reproducing non-diffuse sound
fields, using spatial similarity between estimated and target signals as
an objective metric. Subjective listening tests are left for future work.
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