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ABSTRACT

We describe our submission to DCASE 2026 Challenge Task 3,
semantic acoustic imaging for sound event localization and detec-
tion on the audio-only track. For each frame the task asks for a
set of acoustic-image instances, each a soft energy footprint on
the equirectangular sphere together with a sound class, scored by
a mask mean average precision (mask mAP). We factor the prob-
lem into a localization stage that predicts a dense energy field
and a classification stage that labels each extracted instance. The
localization stage uses a distilled acoustic-imaging front-end fol-
lowed by PanoFormer, an equirectangular transformer whose circu-
lar padding removes the seam artefacts that a planar decoder pro-
duces at the azimuth wrap. Because the official MACRO aver-
age counts a class with no predictions as zero, the classification
stage assigns a class to every instance from the direction of arrival
of a pretrained spatial network, which covers all thirteen classes.
A temporal-persistence re-ranking sets the detection confidences.
The primary system reaches a development MACRO mask mAP of
0.0515, against 0.0003 for the official baseline. We submit four
systems that differ in the classification stage.

Index Terms— Acoustic imaging, sound event localization and
detection, equirectangular transformer, spherical energy field, direc-
tion of arrival

1. INTRODUCTION

DCASE 2026 Task 3 [1] formulates semantic acoustic imaging for
SELD. For every 0.1s frame a system predicts a set of acoustic-
image instances, where each instance is a soft energy footprint on
the equirectangular sphere (360° x 180°) together with a sound
class. Predicted and reference footprints are matched by a soft
spherical intersection over union under a o=6° Gaussian ren-
der, with a 20° great-circle gate and no cross-class matches, and
the score is averaged over the intersection-over-union thresholds
{0.25,0.5,0.75}. The headline number is the MACRO mask mAP,
the mean of the per-class average precisions. A class for which a
system emits no prediction contributes zero to this mean rather than
being skipped, so a system has to label all thirteen classes and not
only the frequent ones.

The data are spatial scene recordings from the STARSS line
[2, 3], with additional synthetic scenes generated by AudibleLight
[4].

We work on the audio-only track and split the problem into
localization, a dense energy field over the sphere from which in-
stances are taken as connected components, and classification, a

sound class for each instance. The official baseline builds the field
with a ResNet/FPN decoder on top of an acoustic-imaging front-
end. Two properties of the metric guide our design. First, every
spurious connected component is a false positive, so the field has
to be clean. Second, the MACRO average rewards covering every
class. Section 2 describes the field, Section 3 the classification and
confidence stages, Section 4 the four submitted systems, and Sec-
tion 5 development results.

2. LOCALIZATION: AN EQUIRECTANGULAR ENERGY
FIELD

Front-end. The localization branch reads a multi-band acoustic
energy image produced by a distilled imaging front-end (UpLAM)
built on latent acoustic mapping [5] that maps the four-channel first-
order recording to a nine-band equirectangular image of size 9 x
180 x 360, one band per frequency sub-range. The front-end is a
32 — 4 channel distillation of a conventional beamformer and is
kept fixed. The raw image spans a very large dynamic range, so a
per-channel instance normalization precedes the backbone to keep
training stable.

Backbone. The energy field is a spherical signal whose left
and right borders are adjacent in azimuth. A planar convolu-
tional decoder treats that border as a discontinuity and emits
wrap artefacts that become false-positive components. We re-
place the ResNet/FPN decoder with PanoFormer [6], an equirect-
angular transformer whose attention and patch handling include
azimuth-circular padding. It regresses a single-channel dense field
at 512 x 1024, which we down-sample to the 180 x 360 scoring
grid. The target field places a spherical Gaussian at each annotated
source, with a higher loss weight on the source pixels to balance
foreground and background. The equirectangular field is markedly
cleaner than the planar one and, in the submittable setting where ev-
ery connected component is kept, raises the mask mAP from about
0.017 to 0.0394 at a fixed operating point.

Instance extraction. Instances are connected components of the
field thresholded at 0.5. Each component is exported as up to 60
points carrying their energy, and its detection score starts from the
peak energy, which we verified to be a better ranking statistic than
sum, mean or area-weighted pooling. The threshold and the number
of points per instance form the operating point; on the development
set a threshold of 0.5 with 60 points is the best setting under the
20 MB per-file submission limit.
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Table 1: Submitted systems and development MACRO mask mAP.
All share the PanoFormer field and temporal-persistence confidence
and differ in the class branch. “Strict” counts a class with no pre-
dictions as zero (the official average); “lenient” averages only over
predicted classes.

System  Class branch lenient  strict

1 frozen SSAST probe 0.0710  0.0156
2 PSELDNets coverage, 80px radius 0.0515  0.0515
3 CLAP present set + PSELDNets 0.0415  0.0415
4 PSELDNets coverage, 40px radius 0.0501  0.0501

3. CLASSIFICATION AND CONFIDENCE

Per-frame probe. A first class estimate comes from SSAST [7], a
self-supervised audio spectrogram transformer pre-trained on Au-
dioSet [8]. We keep the backbone frozen and train a thirteen-class
linear head on its time-pooled embedding. Fine-tuning the back-
bone (full or low-rank) raised the training accuracy but lowered the
test mask mAP, so we use the frozen probe.

Per-location coverage. On the real recordings the per-frame probe
concentrates on a few frequent classes, which is adequate under a
predicted-classes-only average but weak under the official MACRO,
where the missing classes score zero. To label every class we use
PSELDNets [9], an HTSAT-ACCDOA spatial network pre-trained
on large-scale synthetic spatial audio and fine-tuned here with a
thirteen-class ACCDOA head. For each frame it produces a per-
class direction of arrival from the first-order recording, and each ex-
tracted instance takes the class of the nearest active direction within
a per-class assignment radius. Because the four-channel direction
estimate is coarse, a wide radius for the coverage classes recovers
more of their true detections; on the development set a radius of 80
pixels for those classes, against 40 for the frequent ones, gives the
best MACRO mask mAP. This stage labels all thirteen classes and
is the primary classification stage.

Confidence. The detection confidences are set by a temporal-
persistence re-ranking. Each detection is scored by its peak energy
multiplied by the number of nearby frames within 20° that carry
a co-located detection of the same class, which moves short-lived
false positives down the ranking and improves the average preci-
sion. This re-ranking is applied to every submitted system.

4. SUBMITTED SYSTEMS

The four systems share the localization field and the temporal-
persistence confidence, and differ in how the class of each instance
is set. Table 1 lists them. System 2 is the primary system: the
per-location PSELDNets coverage labels all thirteen classes and,
with the wide assignment radius, gives the best MACRO mask mAP.
System 1 uses the frozen SSAST probe, which is the strongest sys-
tem under a predicted-classes-only average and provides a different
class distribution. System 3 forms a per-frame present-class set with
CLAP [10], an audio-language model that recovers transient classes
well in isolation, and assigns each instance the nearest PSELDNets
direction within that set. System 4 is the same coverage system at
the narrower 40-pixel radius, which keeps only the more confident
assignments. The set covers both averaging conventions and two
assignment radii for the unseen evaluation set.
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5. RESULTS

Table 1 reports development results in the submittable setting,
where every connected component is kept, so the numbers re-
flect what the pipeline produces on unseen data. The localiza-
tion upgrade from the ResNet/FPN field to the equirectangular
PanoFormer field is the main gain. Under the official MACRO aver-
age the per-location PSELDNets coverage gives the primary system
at a MACRO mask mAP of 0.0515, 172 times the official baseline
of 0.0003, with a per-recording size below the 20 MB limit. As-
signing every instance its true class on the same field would reach
0.0799, which bounds what the classification stage can add and
leaves localization accuracy as the main remaining limit.

6. CONCLUSION

Our Task 3 system predicts a clean equirectangular energy field,
extracts instances as connected components, labels every instance
from a per-location direction of arrival so that all thirteen classes
are covered, and sets the confidences by temporal persistence. The
equirectangular field is the main localization gain, and the direction-
of-arrival coverage is what the MACRO average rewards. We sub-
mit four systems that differ in the class branch, spanning the two
averaging conventions and several class distributions for the unseen
evaluation set.
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