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Abstract

Perception of a soundscape is shaped significantly by
the dominant sound sources present in an acoustic
environment. Spatial characteristics have also been
suggested to influence how a soundscape is perceived.
Soundscape recordings are often analysed holistically
rather than at the level of individual sources; the
ability to separate and analyse sources individually
could enable deeper insight into how specific sources
drive overall perception.

Spatial audio formats are commonly used in sound-
scape assessment, yet a source stripped of its direc-
tional character cannot be used to investigate spatial
contributions to perception, or re-rendered for listen-
ing experiments. The preservation of spatial charac-
teristics, however, appears to be relatively unexplored
for the task of universal sound separation.

This paper presents a minimal modification of Conv-
TasNet to accept and output first-order ambisonic
(FOA) signals for universal sound separation (sep-
arating sources of any class), comparing three loss
functions (SNR, SI-SDR,, and a multichannel SI-SDR
variant) for FOA-to-FOA separation. Results indi-
cate that the multichannel SI-SDR loss substantially
improves both separation performance and preserva-
tion of source direction compared with conventional
SI-SDR and SNR losses. These early-stage findings
suggest spatially-preserving source separation may
hold promise as a tool for future soundscape studies.

Keywords: soundscape, source separation, deep learning,
ambisonics

1. Introduction
The individual sources present within a soundscape
can influence the perception of the soundscape as a
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whole. A prior soundscape study by Pérez-Martinez et
al. [1] at the Alhambra of Granada, Spain, found that
when visitors predominantly found a pleasant sound
to be the dominant source (such as birds or water) at a
given site, the higher the overall reported soundscape
quality. Similarly, an online listening experiment in-
vestigating how sound sources affect annoyance in
urban soundscapes found that the presence of traffic
related sound sources increased annoyance while the
presence of nature sounds decreased it. The study also
found that the number of identifiable sources had a
significant relationship with annoyance ratings [2]. Al-
though this suggests that the specific sources present
may play a role in how a soundscape is perceived,
the individual sources are treated only as present or
absent, rather than as individually quantifiable con-
tributions to the mixture - as such it is difficult to
quantify how a given source may contribute to the
perceived annoyance. Many soundscape studies have
also made use of psychoacoustic indicators to try to
explain perceptual attributes [3]. However, without
the use of source separation methods such an analysis
will be carried out on an acoustic environment as a
whole as opposed to analysing individual sources.

Sound source separation, the task of recovering the
individual signals that make up an audio mixture,
offers a potential route to gaining further understand-
ing on how specific sources effect the perception of
a soundscape. Rather than relying on listeners to
report which sources are present / dominant, or com-
puting acoustic and psychoacoustic metrics from a
recording as a whole, separation would allow each
source’s own signal to be isolated and analysed inde-
pendently. Source separation could also enable more
direct control over listening experiments than is pos-
sible with soundscape recordings alone, for example
by allowing specific sources to be removed or added
from recordings to test their effect on perceptual at-
tributes, or a single source to be evaluated for its
psychoacoustic properties in isolation from the rest
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of the mixture. The ability to separate and analyse
sources individually should therefore enable deeper
insight into how specific sources drive overall percep-
tion, in a way that is not achievable through holistic
analysis or subjective labelling alone.

The field of sound source separation has seen substan-
tial progress in recent years, particularly with the re-
cent rise of deep learning-based approaches [4]. While
much of this work has often focused on fixed-domain
separation, recently the task of universal sound sep-
aration has been proposed [5], which is the task of
separating sources from a mixture irrespective of the
types of sound present. Given that a soundscape can
contain sounds from a wide range of sound classes,
universal sound separation is a promising step towards
making source separation applicable to soundscape
studies. However, current universal sound separation
methods may not yet be fully suited to soundscape
studies. One reason for this is that much work in
this area focuses on generating single channel out-
puts. The seminal universal sound separation paper
examined the separation of single channel mixtures [5]
and while more recent work explored universal sound
separation using multichannel input [6], [7], the out-
puts of these methods however, remain single channel.
The preservation of the multichannel format in the
separated output could be valuable for soundscape
analysis. Prior work has suggested that the spatial
characteristics of a soundscape may themselves in-
fluence its perception [8], and a spatially-preserved
output would allow this influence to be investigated
at the level of individual sources rather than only the
mixture as a whole. Also, a spatial output could be
re-rendered for controlled listening experiments, al-
lowing separated sources to be presented or removed
while retaining their original spatial character, rather
than being reduced to a single channel stripped of
its spatial characteristics. An ambisonic-to-ambisonic
separation network, AmbiSep [9], has been proposed,
but this work targets speech separation. To the best
of our knowledge, spatial output preservation has not
yet been explored in the context of universal sound
separation.

This paper investigates whether spatially-aware univer-
sal sound separation is achievable, by making a simple
modification to an existing, single-channel separation
architecture, Conv-TasNet [10], to accept and output
first-order ambisonic (FOA) signals. Rather than de-
signing a new architecture around spatial audio from
the outset, this minimal modification is used to es-
tablish a baseline understanding of whether spatially-
aware separation is easily achievable, before more
complex architectural or dataset extensions are con-
sidered. This paper presents early-stage results from
an ongoing investigation into sound source separation
of ambisonic audio mixtures, with the aim of estab-
lishing whether the approach could be viable in future
soundscape studies.

2. Method

The aim of this study is to separate sound sources of
arbitrary classes from a two-source mixture in FOA,
while preserving their spatial characteristics. As part
of this, the use of different loss functions to train the
model is also compared. The work presented here is
an early experiment within a larger ongoing research
project. This section describes the data used to train
and evaluate the model, the network architecture, and
the spatial evaluation methodology used to assess it.

2.1. Dataset

The dataset used to train and evaluate the model
consists of synthetic FOA mixtures containing two
sound sources of arbitrary sound class, along with the
FOA representations of the ground truth audio. The
source audio was obtained from the FSD50K dataset
[11], two sources were selected at random from the
dataset to include in each mixture - ensuring that two
sources of the same sound class are not present in the
same mixture. A random azimuth was chosen for each
source from a set of possible azimuths at 10-degree
intervals, with no two sources occupying the same
azimuth within a mixture. Elevation angle was fixed
at 0 degrees. No reverberation was added; a single
ground reflection was included for each source. The
Python framework Acoular [12] was used to render
the audio, with additional modifications made support
encoding to FOA. Each data-point was 4 seconds long
with a sample rate of 16kHz. 4500 samples were used
for training, 500 for development validation and 1876
samples were used for evaluation.

2.2. Model Architecture

The model was based on the Pytorch [13] implemen-
tation of ConvTas-Net [10]. The model was modified
to operate on FOA audio by altering the input and
output channel count. The number of channels in
the encoder and decoder blocks were increased from
one to four, no changes were made to the separation
module. All hyperparameters were left at PyTorch’s
defaults. The encoder/decoder convolution kernel had
a size of 16, with 512 features passed to the mask
generator. The mask generator used a convolution
kernel size of 3, an input/output feature dimension of
128 for each convolutional block, an internal feature
dimension of 512 within each convolutional block, 8
layers per convolutional block, 3 convolutional blocks,
and a sigmoid activation function for the mask output.

2.3. Training

The model was trained for up to 200 epochs with a
batch size of 5, using the Adam optimiser with an
initial learning rate of 0.001. An adaptive learning
rate was used, halving the learning rate after 6 epochs
with no improvement in validation loss, along with
early stopping after 10 epochs without improvement
and gradient clipping at a maximum norm of 5.0.

2.83.1. Loss Functions
The model was trained using 3 different loss functions.
Signal-to-noise-ratio (SNR), scale-invariant signal-to-
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distortion-ratio (SI-SDR) [14] and a multichannel vari-
ant of SI-SDR, [9]. Both SI-SDR and the multichannel
variant calculates an optimal scaling factor between
the target and the source prior to the SDR calculation,
the key difference, however, is that the multichannel
variant calculates a single optimal scaling factor across
all channels, keeping the inter-channel ratios intact,
whereas the standard SI-SDR in this case calculates a
separate scaling factor for each channel. Permutation
invariant training (PIT) [15] was used to account for
the arbitrary ordering of sources. For each of these
functions the mean is taken across all channels and
the negative of this value is used as the loss. Torch-
Metric’s [16] implementation of SNR, SI-SDR and PIT
are used.

2.4. Evaluation

Separation performance was evaluated using SDR im-
provement, (SDRi) [17] and SI-SDR improvement (SI-
SDRi) [14], calculated per source on the evaluation
dataset, using the mean across channels.

To assess whether spatial characteristics were pre-
served through separation, a weighted angular error
metric was used to compare the estimated direction
of arrival of each separated source against the ground
truth audio. This was done by comparing the intensity
vectors of the target source and the estimated source
at each time-frequency bin (¢, f). The active intensity
vector was computed as shown in equation (1) [18],

Re{W(t,f)XEkt,f)}

Loy =— | Re{We )Y 5} (1)
Re{W,1Z( 1}

where W, XY, Z are the corresponding FOA channels.
The angular difference between the direction of arrival
at each T-F bin was calculated as shown in equations
2 and 3, where d is the direction of arrival.

L,p)
dgy = -t 2
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To give more importance to bins with more energy,
each bin was weighted by the energy of the target
signal at that bin, calculated as shown in equation (4)
[19],

Ewp = WeE P+ VR (4)
where
Xt,5)
Vi =|Yen (5)
Z(t,f)

Giving an overall weighted mean angular error for
each source.
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Table 1: Mean separation performance and spatial ac-
curacy on the evaluation set (n = 1876), by training loss
function. SI-SDRi and SDRIi are reported in dB; spatial
error is the weighted mean angular error of each time-
frequency bin in degrees. Values in parentheses are stan-
dard deviations.

Loss Function SDRi SI-SDRi Weighted
(dB) (dB) Angular
Error (°)
SNR -0.2 4.4 42.4
(1.6) (4.0) (40.5)
SI-SDR 6.7 8.7 75.2
(6.5) (12.9) (37.6)
Multichannel SI-SDR | 18.4 23.6 3.1
(7.8) (14.5) (9.4)
3. Results

Table 1 reports the mean SI-SDRi, SDRi and weighted
angular error across the evaluation set for each loss
function. The multichannel SI-SDR loss function sub-
stantially outperformed the other loss functions evalu-
ated, both in terms of separation performance and in
maintaining the spatial characteristics of the target
source.

4. Discussion

The results presented here represent a small part of
a larger, ongoing research project, and should be in-
terpreted as an initial test of whether multichannel,
spatially-aware separation is feasible in simple mix-
tures before moving on to more complex scenarios.
These results show that even a minimal architectural
change to a single-channel separation network was
sufficient to achieve good separation performance in
the FOA domain for two-source mixtures without re-
verberation.

As highlighted in the results section, the model trained
with the multichannel SI-SDR loss function performed
substantially better across all metrics. As the mul-
tichannel SI-SDR variant uses a single scaling factor
which is shared across all the ambisonic channels,
this should guide the model towards preserving the
inter-channel ratios between the signals, leading to
preservation of the separated source direction. The low
value observed in the weighted angular error suggests
that this shared scaling-factor across the channels
does prove successful in preserving the direction of
the estimated sources. In contrast, the SI-SDR loss
function which has a separate scaling factor for each
channel, inherently treats each channel as a separate
entity. While this may lead to sufficient separation
of individual channels, it will do this with no regard
of its relationship with the other channels, leading to
a potential distortion of the estimated source’s direc-
tion. The high amount of angular error, suggests that
source direction is not well preserved with this loss
function. As the SNR loss function does not include
any scaling factor and compares the estimates directly
to the targets, in theory it should aim to implicitly
preserve the direction of the source. However, the
source direction was not well preserved, though this
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could be due to poor separation performance in gen-
eral. It must be pointed out that the angular error
metric used is not fully independent of the separation
quality, since it is computed by comparing the inten-
sity vectors of the separated source and the target
signal. Where the separation performance is poor, the
noise from the interfering source is likely to corrupt
the estimated intensity vectors producing a high an-
gular error that may reflect the contribution from the
interfering source rather than a failure to preserve the
direction of the target source. Using the energy of the
target source to weight the average, may mitigate this
to some extent as the weighting favours bins where the
target signal is high; however, bins where the sources
overlap will still be exposed to interference from the
other source.

While the multichannel SI-SDR loss function’s better
preservation of source direction could be expected,
given that the shared scaling factor is designed to
preserve inter-channel relationships, it was less clear
why the multichannel SI-SDR loss function also out-
performed the SI-SDR loss function on the SI-SDRi
metric. Given that this metric is derived from SI-SDR
itself, this result was not necessarily anticipated. One
possible, though speculative, explanation for the ob-
served behaviour is that by constraining the model
to preserve inter-channel relationships (and therefore
the spatial characteristics), the multichannel SI-SDR,
loss function encouraged the model to more readily
exploit the spatial cues for separation. A loss func-
tion that discourages the model from discarding the
spatial cues early in training may therefore support
better separation and not just better preservation
of the source direction after separation has occurred.
Regarding the separation performance in Table 1, it
must be noted that the models trained on these loss
functions did not show consistent performance across
all channels and sources. The reported value is the
mean across all channels for each source, there may be
differences between the sources or the channels. For
the model trained with SI-SDR, there was a stark drop
in performance in the third channel for both sources,
this channel had a mean SI-SDRi of -0.02 dB across
both sources, whereas the other channels across both
sources had a mean SI-SDRi of 11.6 dB. This large
disparity suggests that the model did not learn to sep-
arate this channel. This channel encodes the vertical
component of the soundfield. In the dataset, elevation
remains constant and the receiver is placed level with
the source; because of this, the channel includes only
the added ground reflections, leading to less energy in
this channel and the source being heard only from be-
low. These factors may have contributed to the poor
separation of this channel. As such, in the future,
the dataset should be expanded to include elevation
differences or to utilise data augmentation techniques
such as channel swapping [20] to see if this alleviates
this observed issue. For the SNR-trained model, there
were differences between the two separated sources.
One source showed a consistently near-zero mean SI-

SDRIi across all channels of -0.03 dB, indicating this
source remained effectively unseparated. The second
source achieved a higher mean SI-SDRi (8.84 dB), but
this is not corroborated by SDRi, which had a mean of
-0.42 dB across the channels. From informal listening
over a few of the evaluation samples, it appeared as
though this second source was often near silent. Given
this, it is possible the SI-SDRi value reported may
overstate its true subjective separation quality.

It is also worth noting how minimal the architec-
tural change to the network was. No component of
Conv-TasNet’s separation module was modified to
take advantage of the relationships between the sep-
arate ambisonic channels. The only change was in-
creasing the number of channels in the encoder and
decoder from one to four. Given this, it is notable
that the multichannel SI-SDR loss function was still
able to achieve good separation performance while
preserving the source direction without any architec-
tural mechanism explicitly designed to support this.
At the same time, the poor performance of SNR and
SI-SDR loss functions should not be taken as evidence
that these loss functions are unsuitable for ambisonic
source separation; it is possible that an architecture
that is explicitly designed to take advantage of the
inter-channel relationships could narrow the perfor-
mance gap between these loss functions.

From a soundscape perspective, preservation of source
direction may be particularly important, as spatial
characteristics may contribute to perception [8]. The
improved directional preservation achieved by the mul-
tichannel SI-SDR, loss function therefore suggests po-
tential utility not only for source analysis but also
for future perceptual listening experiments involving
manipulated soundscape recordings.

While these results are encouraging, several limitations
should be considered before this approach can be
applied to soundscape analysis. The multichannel
SI-SDR loss function, while it constrains the scaling
factor to be shared across channels, is still invariant
to a single scale factor applied globally to all four
channels. In practice, this means the levels of the
separated outputs are not consistent with those of
the sources in the original mixture. This may be
a significant issue for further analysis of separated
sources if the level of the estimated source cannot be
retained, as this could prevent meaningful comparisons
between sources for features such as loudness. The
dataset used here is also considerably simpler than
a typical soundscape recording. Mixtures contained
only two stationary sources, with no reverberation and
a fixed elevation. Two-source mixtures in particular
are of limited relevance to soundscape analysis, where
recordings typically contain a larger and more variable
number of concurrent sources. A further limitation
concerns the temporal overlap of the mixtures: the
source audio clips varied in duration and mixture
generation did not explicitly enforce temporal overlap
between sources. It was informally observed that
separation quality was higher for mixtures where the
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sources did not overlap in time compared to those
where they did. As a result, the presented metrics may
slightly overstate performance compared to datasets
which consist of fully overlapping sources. The results
presented here should be treated as an initial test
of feasibility under simplified conditions, rather than
as representative of performance on real soundscape
recordings.

5. Conclusions and Future Work

This paper investigated whether class-agnostic
ambisonic-to-ambisonic source separation was feasible
by making a minor change to a single-channel source
separation architecture. Among the three loss func-
tions evaluated, the multichannel SI-SDR loss, which
applies a shared amplitude scaling factor across all
four ambisonic channels, substantially outperformed
both standard SI-SDR and SNR, providing a baseline
for future development of spatially-aware source sep-
aration methods tailored to soundscape assessment
and manipulation.

These results establish feasibility on a constrained
problem rather than as a soundscape-ready method.
The multichannel SI-SDR. loss, while effective at pre-
serving direction, remains invariant to the absolute
output level of the separated source, and the dataset
used contained only two stationary sources with no
reverberation - conditions considerably simpler than a
typical soundscape recording. Addressing these gaps
is the immediate focus of the next stage of this work:
extending the dataset to include reverberation, el-
evation variation, and a greater and more variable
number of concurrent sources. The absolute scale
issue will also be addressed, either through a loss
function that penalises global scale error directly or
a post-hoc calibration step. Another direction worth
exploring is developing models that separate sources
based on sound class or type, rather than separating
a fixed number of discrete sources from a recording.
This may be more useful in recordings containing a
large number of similar sources (for example, a crowd
of people speaking or a group of birds singing), where
attempting to separate each individual source is likely
impractical, and a class-based grouping may be more
meaningful for practical analysis purposes.
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