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Abstract—Sound Event Localization and Detection (SELD)
unifies Sound Event Detection (SED) and Direction-of-Arrival
(DOA) estimation to deliver a unified spatiotemporal repre-
sentation of auditory scenes. By incorporating Sound Distance
Estimation (SDE), SELD extends into three dimensions (3-D
SELD), enabling systems to estimate not only the directions
but also the distances of sound sources. While 3-D SELD has
seen considerable progress with ambisonic and multi-microphone
arrays, it remains underexplored for stereo formats commonly
found in consumer electronics. In this paper, we present the first
comprehensive study of stereo-based 3-D SELD. We evaluate a
range of perceptually motivated stereo features, alongside proven
augmentation methods originally developed for multi-channel and
ambisonic audio. From these results, we then distill our insights
into clear best-practice guidelines for developing robust 3-D
SELD systems for everyday consumer stereo-based applications.
Our implementation is publicly available at this repository'.

I. INTRODUCTION

Sound Event Localization and Detection (SELD) combines
the complementary tasks of Sound Event Detection (SED) and
Direction-of-Arrival (DOA) estimation to provide a unified
spatiotemporal representation of an acoustic scene [1]. In
its original 2D form, SELD systems employ either multi-
channel microphone arrays (MIC) or First-Order Ambisonics
(FOA) recordings to determine both what sounds occur and
where they originate [2]. Recent developments explore 3-D
SELD by further incorporating Sound Distance Estimation
(SDE), enriching spatial intelligence with explicit distance
information [3]. These advances have largely been driven by
dedicated challenges such as the Detection and Classification
of Acoustic Scenes and Events (DCASE) [4].

However, this progress has largely focused on MIC or
FOA-based methods. In contrast, stereo-only 3-D SELD has
received little systematic attention, even though stereo record-
ings are commonplace in consumer devices and offer a low-
cost pathway to easily deployable real-world configurations.
The transition of the DCASE Challenge 2025 Task 3 to a
stereo-only format underscores this need and calls for rigorous
evaluation of methods that are fully tailored to the perceptually
meaningful cues of the stereo audio format.

In this paper, we present a comprehensive study of stereo-
based 3-D SELD that addresses these challenges on two fronts.
First, we benchmark an extensive set of perceptually motivated
stereo features, quantifying how each set of cues affects
detection, localization, and distance estimation. Second, we
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adapt and extend common 2-D SELD augmentation strategies,
such as channel swapping and time-frequency masking. From
these results, we distill best-practice guidelines for feature
selection and augmentation policies, paving the way for robust
3-D SELD for everyday consumer stereo-based applications.

II. INPUT FEATURES

In this section, we describe the various stereo-based features
used to capture both spectral and spatial information.

A. Stereo Log-Mel Spectrograms

Let the two-channel stereo input signal be denoted as x¢[n],
where ¢ € {L,R} indexes the left and right channels, and
n is the discrete-time sample index. The Short-Time Fourier
Transform (STFT) of the ¢-th channel at time frame t and
frequency bin f is denoted as X,(¢, f). To approximate human
auditory perception, each magnitude-squared spectrogram is
converted into a K'-band Mel representation using a filter bank
Wie of size F' x K. Specifically, the log-Mel spectrogram
(MelSpec) of the ¢-th channel is

F-1
MelSpecy (t, k) = Togyq (D [Xelt, )2 Wana(f,K)). ()
=0
In the subsequent sections, all described spectral and spatial
features are also projected onto the same K-band Mel scale
using Wy, to ensure consistent dimensionality.

B. Mid-Side Conversion and Intensity Vector

To extract explicit inter-channel intensity differences, we
convert the stereo waveforms into Mid and Side (M/S) signals,
defined sample-wise as

zi[n] + zr[n] zy[n] — zr[n]
2 ’ 2

The Mid signal m[n] represents the average pressure (om-
nidirectional component), while the Side signal s[n| captures
the horizontal pressure differential. We compute the STFTs
M(t, f) and S(t, f) from m[n| and s[n], and each of these is
converted to a log-Mel spectrogram exactly as in (1).

An intensity vector (IV) feature analogous to the FOA-based
IVs can also be derived [5]. For FOA audio, the active acoustic
intensity vector is obtained from the omnidirectional pressure
W and the three differential components X, Y, Z. For stereo

m[n] = s[n] =
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audio, this can be seen as a special 1-D case where only the
X-component of the intensity persists. We first compute the
real part of the M/S cross-spectrum:

The final IV feature is therefore obtained by normalizing
over the total instantaneous power:

L(t, f)
[M(t, f)I? + [S(E FI*
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C. Spatial Coherence

Distance estimation often benefits from coherence-based
features, since magnitude-squared coherence (MSC) values
tend to decrease as source distance increases [6]. The cross-
power spectral density between the left and right channels is
formally defined as

Llt, ) = E[X0(t ) Xalt ). 5)

In practice, @, (¢, f) is estimated using time-recursive
averaging [7]:

OLr(t, f) = APLR(E-1, f)+(1-N) XL(t, f) Xi(t, ), (6)

where A € [0,1] is a smoothing coefficient. In this work,
A = 0.8 is chosen to effectively balance noise reduction and
temporal adaptability [8]. The MSC #(¢, f) is subsequently
calculated as

. |1 (L, f)[?
ta = Z — )
) OrL(t, f) Prr(t, f)

where 0 <4(¢, f) < 1. Generally, MSC values closer to one
indicate a more coherent and thereby closer sound source.

(7

D. Inter-channel Phase Relationships

In the context of binaural audio, inter-aural phase differences
provide fine-grained localization cues. For stereo audio, the
raw inter-channel phase difference (IPD) is given by

IPD(t7 f) = arg(XL(ta f)XE(t7 f)) ®)

To prevent phase-warping, the sines and cosines of the IPD
are often further computed [9], yielding a two-channel phase-
difference feature set, referred to collectively as SCIPD.

In addition, we explore a normalized inter-channel phase
difference (NIPD) based on SALSA-Lite SELD features [10].
The NIPD features include an additional term to compensate
for frequency dependency and are defined as follows:

NIPD(t, f) = —% arg(X(t, [)XR(t, ), ()

where ¢ = 343 m/s is the speed of sound.
ITII. AUGMENTATION METHODS

In this section, we describe commonly used augmentation
methods that can improve model robustness and generalization.

A. Channel Swapping

Channel swapping (CS) simulates new source directions
by interchanging microphone channels while simultaneously
adjusting the corresponding directional labels. Originally intro-
duced for FOA recordings [12], this technique has since been
extended to MIC inputs to increase the amount of directional
data without altering room acoustics [13].

In the stereo setting, CS reduces to a single permutation:
the left and right signals are exchanged while the azimuth
labels are mirrored about the frontal axis. In this work, CS is
performed at the waveform level to preserve both phase and
magnitude information.

B. Time-Frequency Masking

Time-Frequency Masking (TFM) enhances resilience to
missing or corrupted spectral content by randomly occluding
contiguous blocks in the time-frequency (TF) domain. Two
common variants are SpecAugment [14], which applies in-
dependent masks along the time and/or frequency axes; and
Cutout [15], which masks rectangular patches anywhere in the
spectrogram. In our pipeline, we randomly choose between
SpecAugment and Cutout with equal probability, then apply
an identical mask to both L/R channels.

However, standard TFM can inadvertently eliminate inter-
channel level differences (ILDs), which are crucial psychoa-
coustic cues for stereo-based localization and distance es-
timation. To address this, we propose and introduce Infer-
channel Level-Aware TFM (I-TFM). Specifically, for each
masked region, we first compute the ILDs pre-masking. Once
the mask is applied, we restore the original ILDs by adjusting
the masked bins in one of the channels. This ensures that the
masking process does not erase the relative intensity cues vital
for accurate spatial localization.

C. Frequency Manipulation

While TFM removes information outright, Frequency Ma-
nipulation (FQM) alters spectral content to encourage robust-
ness to pitch shifts and varied channel responses. We imple-
ment two primary FQM strategies: Frequency Shifting (Fre-
gShift) and FilterAugment (FiltAug). In FreqShift, a random
number of frequency bands is shifted up or down, simulating
pitch variation in the frequency domain [16]. Complementing
this, FiltAug applies random gains on the spectrograms to
mimic acoustic filtering effects that can occur in real-world
environments [17].

Across both FQM methods, we apply identical shifting or
spectral gains to both left and right channels to preserve the
relative inter-channel differences. Figure 1 illustrates these
FQM methods, alongside TFM variants, applied to a single
five-second clip from the STARSS23 stereo set.

IV. EXPERIMENTAL METHOD

A. Dataset

Our experiments utilize the Sony-TAu Realistic Spatial
Soundscapes 2023 (STARSS23) dataset [11], which comprises
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Fig. 1.

Augmentation methods on a stereo log-Mel spectrogram pair from a five-second clip from STARSS23 [11]. The top and bottom rows display the

spectral plots of the left and right channels, respectively. From left to right, the columns show the original log-Mel spectrograms, standard TFM (Cutout), I-TFM
(SpecAugment), FreqShift, and FiltAug. The magnitude of masking or spectral change has been increased for greater visual clarity.

real-world, multi-room recordings with frame-level spatial
annotations and serves as the official benchmark for DCASE
2025 Task 3 on stereo 3-D SELD. The original FOA recordings
were converted into the stereo format by the task organiz-
ers, yielding 22.5 hours of stereo audio. To address class
imbalance, we synthesize additional FOA audio using Spa-
tialScaper [18] before converting them into stereo audio using
the publicly available DCASE stereo generator?, resulting in
30,000 additional five-second synthetic stereo clips.

All audio signals are sampled at 24 kHz. For feature extrac-
tion, we compute 1024-point STFTs using a Hann window of
length 1024 samples and a hop size of 300 samples, yielding
400 time bins for each five-second audio clip. All features are
computed using a 64-band Mel filter bank.

B. Baseline System

We adopt SELDNet as the baseline architecture for this
work [1]. In particular, we use the same architecture as the
baseline model for DCASE 2025 Challenge Task 3°.

All models are trained for 50 epochs with a batch size of 64,
using a tri-stage learning rate scheduler with a peak learning
rate of le~> and the Adam optimizer with a weight decay of
le~*. All TFM and FQM augmentations are applied on-the-fly
and are limited to affect at most 10% of the total TF bins.

C. ACCDDOA Representation

The model predicts a (C' x 3)-dimensional Activity-Coupled
Cartesian Distance and DOA (ACCDOA) vector per frame,
where C is the number of sound classes. For class i, the first
two elements v;(t) = [z;,y;] encode azimuth in Cartesian
form, where the Euclidean norm ||v;|| € [0, 1] indicates event
activity. The third element r; is a scalar denoting distance.
During training, the Mean Squared Error (MSE) is used as the
loss function [19].

Because the STARSS23 stereo set exhibits low same-class
polyphony, we employ the single-trrack ACCDDOA variant

Zhttps://github.com/SonyResearch/dcase2025_stereo_seld_data_generator
3https://github.com/partha2409/DCASE2025_seld_baseline

rather than the multi-track form [20]. This helps to reduce
variation and inefficiencies arising from track ambiguity.

D. Distance Normalization

Raw distance values in STARSS23 range from near-field
(0.05m) to the farthest annotated sound source (7.5m). Di-
rectly regressing these raw values can bias the MSE loss
towards distant events [3]. To mitigate these challenges, a Dis-
tance Normalization (DN) method can be applied as introduced
in [21]. This procedure scales the distribution of distances, d,
to a uniform range of [—1,1] in two steps:

_d— d o d

d/ dnorm -
oq max(d’)

(10)

where d and o, represent the mean and standard deviation of
all distances, respectively. This normalization ensures that all
elements in the ACCDDOA vector lie within the same scale
of [—1, 1], preventing larger distances from disproportionately
affecting the MSE loss.

E. Metrics

The official 3-D SELD metrics used for the DCASE 2025
Task 3 are adopted for this work [4]. These include the
location-dependent F-score (Fag0 /1), the class-dependent local-
ization error (LEcp), and the class-dependent relative distance
error (RDEcp). The LEcp and RDEp are defined as the mean
angular and relative distance errors, respectively, of matched
class predictions. The Fapo/y score considers a prediction as
a true positive if the localization error is within 20° of the
ground truth and the relative distance error is below 1.

An SELD error (Esgrp) combines the three metrics to
provide a comprehensive evaluation of overall system perfor-
mance, calculated as follows:

1 Fapoy1,  LEcp
E =—-|(1—-

sep = 3 |( 100 180°
An ideal 3-D SELD system, therefore, aims to maximize

Fag0 /1 while minimizing LEcp, RDEcp, and Esgrp.

)+

+RDEcp|. (11
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TABLE I
3-D SELD PERFORMANCE OF THE BASELINE WHEN CHANNEL-SWAPPING
(CS), DISTANCE NORMALIZATION (DN), AND SYNTHETIC DATA (SD) ARE
ADDED INCREMENTALLY.

Experiment Data (h)  Fapo /11 LEcp) RDEcpl  Eserpd
Baseline 225 22.8 24.5° 0.410 0.439
+CS 45.0 26.6 19.2° 0.316 0.386
+ CS + DN 45.0 28.9 15.3° 0.288 0.361
+CS+DN+SD 867 36.9 16.5° 0.301 0.341

TABLE 11
PERFORMANCE OF BASELINE WHEN DIFFERENT FEATURES ARE ADDED
SEPARATELY TO THE BASE L/R MELSPEC.

Experiment Fago /11 LEcpd RDEcpl ESELDY
Baseline 36.9 16.5° 0.301 0.341
+ MSC 36.4 16.1° 0.299 0.341
+ SCIPD 349 16.6° 0.309 0.351
+ NIPD 359 16.5° 0.313 0.349
+ M/S 38.2 15.7° 0.299 0.335
+ M/S + IV 38.5 15.4° 0.287 0.329
V. RESULTS

This section presents experimental results on the STARSS23
validation set. All reported results are averaged over three runs.

A. General Methods for Baseline Enhancement

To establish a robust and effective baseline for stereo 3-D
SELD, we systematically investigate the incremental impact of
three fundamental techniques: CS, DN, and the incorporation
of synthetic data (SD). Table I summarizes the performance
gains achieved by applying these methods.

From Table I, we observe that the integration of both
DN and CS improves 3-D SELD performance across all
metrics. Notably, DN refines the model’s performance without
increasing the dataset size, making it an attractive and simple
plug-and-play improvement method.

The incorporation of SD expands the total training set
size to 86.7 hours, resulting in the largest Fago,; of 36.9.
However, both LEcp and RDE(p increase slightly to 16.7°
and 0.302, respectively. This trade-off suggests that while
synthetic data may significantly improve event detection, it can
lead to domain-shift challenges under real-world conditions.
The discrepancies between synthetic and real-world acoustic
conditions, such as reverberation characteristics, might not be
fully captured by the synthetic generation process [18].

Considering that 3-D SELD requires balanced performance
across detection, localization, and distance estimation, all
subsequent experiments adopt all three methods (CS, DN, and
SD) as the foundational configuration.

B. Input Feature Analysis

This section evaluates the effectiveness of various perceptu-
ally motivated stereo features when incorporated individually

TABLE III
PERFORMANCE OF BASELINE WHEN CONSIDERING DIFFERENT
AUGMENTATION METHODS APPLIED TO THE BASE L/R MELSPEC.

Experiment Fago /11 LEcpd RDEcpd ESELDY
Baseline 36.9 16.5° 0.301 0.341
+ TFM 36.9 15.1° 0.312 0.343
+ ITFM 38.0 14.6° 0.301 0.334
+ FiltAug 37.0 16.8° 0.287 0.337
+ FreqShift 38.0 16.2° 0.299 0.336

into the baseline system. Table II quantifies how each feature
type contributes to overall 3-D SELD performance.

First, we observe that integrating the coherence-based MSC
feature yields only marginal differences in 3-D SELD per-
formance. This suggests that for stereo-based 3-D SELD, the
MSC provides negligible additional information beyond what
is already captured by the base L/R Mel spectrograms. This
could be due to the inherent limitations of coherence alone as
a distance cue in complex, reverberant environments [22].

In contrast, incorporating phase-based features detrimentally
impacts 3-D SELD performance. Specifically, using SCIPD
and NIPD increases the Esgip by 2.93% and 2.35%, re-
spectively. This degradation can be attributed to two primary
factors. Firstly, phase-based features are inherently sensitive
to noise [10], making them less reliable in real-world environ-
ments. Secondly, and crucially for this dataset, the stereo sig-
nals are derived from FOA audio rather than recordings from
two physically separated microphones. Consequently, the IPDs
in these pseudo-stereo signals are negligible or synthetically
generated, lacking the true physical cues that would normally
be exploited for accurate binaural localization [23].

Conversely, converting the L/R to M/S spectrograms proves
highly beneficial. With only M/S added, Fzq0,; increases to
38.2 and both LEcp and RDE¢p decrease to 15.7° and 0.299,
respectively. The most substantial gains are realized when
further incorporating the IV feature derived from the M/S
components. This combined feature set produces a Fago/1 of
38.5, LEcp of 15.4°, and RDEcp of 0.287. Consequently,
EseLp decreases by 3.52% to 0.329, the lowest among all
features considered. This conversion process effectively recon-
structs the underlying FOA-based representation, providing the
network with a more complete and robust set of spatial cues.

C. Feature-Level Augmentation Strategies

This section investigates the impact of various augmentation
methods on 3-D SELD performance. Table III summarizes the
results of each augmentation method applied individually.

Firstly, applying standard TFM demonstrates a notable
improvement in localization performance, reducing LEcp by
1.4°. However, this comes at the cost of significantly worsened
distance estimation accuracy, with RDE¢p increasing from
0.301 to 0.312. This adverse effect is likely due to the masking
of both stereo channels, which can inadvertently eliminate the
ILDs needed for accurate distance estimation.
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TABLE IV
PERFORMANCE OF SELECTED STATE-OF-THE-ART DCASE CHALLENGE
SUBMISSIONS. DATA USAGE (H), MODEL PARAMETERS (M), AND OFFICIAL
DCASE RANKING ARE PROVIDED WITHIN THE BRACKETS.

System Fapo/17  LEcp)  RDEcpd Esepl
Wang [24] (130h, 58M, #1) 54.3 11.8° 0.260 0.261
Yeow [25] (87h, 4M, #6) 453 13.2° 0.262 0.294
Berghi [23] (410h, 30M, #4) 46.0 15.2° 0.308 0.311
He [26] (134h, 104M, #2) 50.0 13.1° 0.360 0.311
Yeow-base (87h, 0.7M, -) 40.1 14.9° 0.286 0.322

Using our proposed ITFM strategy preserves the ILDs
within masked regions, yielding a superior trade-off across
the metrics: Fago/q increases to 38.0, LEcp drops further to
14.6°, and Esgrp falls to 0.334. Crucially, ITFM manages to
maintain the RDE¢p at 0.301, effectively avoiding the distance
estimation degradation observed with standard TFM. These
gains highlight the importance of preserving inter-channel
information for robust stereo-based 3-D SELD performance.

For FQM techniques, FreqShift demonstrates performance
comparable to ITFM, increasing Fago /1 to 38.0 while showing
marginal improvements in both LEcp and RDE¢p. In contrast,
FiltAug achieves the lowest RDEcp of 0.287 among all meth-
ods, indicating its specific effectiveness in improving distance
estimation accuracy. This suggests that random spectral filter-
ing, which mimics real-world acoustic filtering, can help the
network learn robust distance representations.

Overall, the experimental results reveal that no single aug-
mentation method in isolation provides consistent and tangible
improvements across all three facets of 3-D SELD. From our
analysis, ITFM offers balanced performance improvements for
event detection and localization, while FiltAug provides the
largest gain for distance estimation. This suggests a potential
for synergistic benefits when combining these techniques. We
leave this investigation for future work.

D. Benchmarking Against Top DCASE 2025 Systems

To contextualize the performance of our proposed frame-
work and the insights derived from this study, we benchmark
our results against top-performing submissions from the recent
DCASE 2025 Challenge on stereo-based 3-D SELD. Table IV
details the top-ranking systems based on the calculated Esgyp.

Our submitted system [25], which ranked 6™ on the chal-
lenge rankings, achieved an impressive Esgrp of 0.294, which
is the second-lowest among all submissions. Our submission
utilized a combination of M/S and IV as input features, along
with both FiltAug and FreqShift as data augmentation meth-
ods, consistent with the findings presented in this paper. To
evaluate the isolated effectiveness of our proposed framework,
we re-implemented our DCASE submission using the simpler
SELDNet baseline architecture, termed Yeow-base.

As shown in Table IV, the Yeow-base system, despite its
modest parameter count of 0.7 M, achieves a respectable Esgr p
of 0.322, which would make it the 7™ best out of 16 considered

systems. This lightweight system also produces competitive
LEcp and a remarkably low RDEcp score, surpassing some
higher-ranked submissions. These results strongly suggest that
our proposed framework provides a powerful foundation for 3-
D SELD, and that the benefits are directly transferable; more
complex model architectures can better extract fine-grained
spatial information from our enriched input features and robust
data augmentation.

VI. CONCLUSION

This study provided a comprehensive evaluation of stereo-
based 3-D SELD, focusing on critical aspects of feature design
and data augmentation. We demonstrated that a straightforward
yet effective preparation pipeline of distance normalization,
channel swapping, and synthetic data generation elevates the
baseline Esgr p by over 20%. Our analysis further revealed that
intensity-based cues are markedly more useful than phase-
based cues in stereo audio for this task. Crucially, we also
highlighted that data augmentation must respect stereo-specific
spatial structure. In this regard, our proposed ITFM method de-
livered the best balance of detection and localization accuracy.
Finally, we illustrated how our robust foundational framework
can be integrated with more sophisticated model architectures
to achieve competitive performance.

For future work, we aim to investigate the optimal combina-
tion strategies for these effective input features and data aug-
mentation methods to further enhance robustness, particularly
for resource-constrained, online, and real-world 3-D SELD
applications.
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