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ABSTRACT

Semantic acoustic imaging predicts class-labeled acoustic regions
from microphone-array recordings, producing a spherical map of
where sound events appear in a scene. The audio-only setting cre-
ates a difficult input-output mismatch: region boundaries are not
observed in the waveform, and the event class, acoustic extent, and
confidence of each prediction must be estimated from multichannel
acoustic cues. We present a system for DCASE2026 Task 3 that
first forms spherical acoustic evidence from raw MIC-format au-
dio and then decodes this evidence into mask candidates with event
classes and detector scores. A separate AudioMAE-based recog-
nition prior estimates class activity for two-second windows and
aligns the probabilities to detector frames. The final fusion stage
uses this prior to re-rank the detector candidates while preserving
their masks. On the full-recording development test set, the system
obtains 0.1017 mAP, 0.2378 AP50, and 0.7904 Pearson r. For sub-
mission, prediction compression reduces the maximum JSON size
from 148.98 MB to 19.03 MB, with mAP changing from 0.1017 to
0.1009.

Index Terms— Semantic acoustic imaging, sound event local-
ization and detection, recognition-prior fusion

1. INTRODUCTION

Semantic acoustic imaging takes audio recordings as input and pro-
duces a spatial map showing where different sound events appear in
the scene. A scene can be observed visually, but microphone-array
audio also provides an acoustic view by recording sound together
with spatial cues. In this acoustic view, different sound events are
represented by their categories and spatial regions in the acoustic
scene. This capability is useful for acoustic cameras, augmented
and virtual reality, and spatial audio systems that need scene aware-
ness from sound. DCASE2026 Task 3 evaluates this problem, and
this report focuses on the audio-only track using microphone-array
recordings [1].

Prior work provides two useful foundations for this task. For
multichannel microphone recordings, sound event localization and
detection (SELD) has established models for recognizing active
sound events and estimating their directions or trajectories. SELD-
net jointly models sound event activity and source direction, while
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ACCDOA and Multi-ACCDOA encode event activity and localiza-
tion with compact directional representations [2, 3, 4]. Real-scene
benchmarks such as STARSS23 further support this line of work
with spatial recordings and spatiotemporal event annotations [5].
A recent DCASE2024 NERC-SLIP system further explored multi-
task modeling for SELD with source-distance estimation [6]. In
visual scene understanding, set-prediction and mask-classification
methods represent a scene as a set of region candidates with class
labels, masks, and scores [7, 8, 9]. Recent concept-aware segmenta-
tion models further show the value of connecting semantic recogni-
tion with mask prediction [10]. DCASE2026 Task 3 connects these
two lines by using multichannel microphone recordings as input and
class-aware acoustic regions as output.

Semantic acoustic imaging changes the modeling problem by
asking for acoustic regions from multichannel microphone record-
ings. The prediction target is a set of class-aware regions rather
than a list of event positions: a sound event may occupy an ex-
tended area, and multiple events can be active in the same time
frame. Compared with conventional SELD, the desired output is
not only an event class with a source direction or trajectory, but an
acoustic region for the event. Compared with visual segmentation,
the image-like output is not directly observed in the input; it must
be inferred from inter-channel level, phase, and temporal cues. The
audio-only system therefore needs a representation that can carry
spatial acoustic evidence, and a prediction stage that can assign re-
gion shape, class, and confidence to each candidate.

We therefore organize the system as an audio-only
representation-to-region pipeline. The system first builds a
spherical acoustic representation from MIC-format recordings, and
then predicts class-aware acoustic regions from this representation.
This main pipeline is implemented by the Acoustic Mask De-
tector, which combines an Audio-to-Spherical Feature Backbone
with a Mask Decoder to produce candidate masks, classes, and
detector scores. To improve semantic ranking, an AudioMAE
Prior Module estimates class priors from two-second windows of
the same recording and aligns them to detector frames. A Fusion
Module uses these priors to re-rank the detector candidates without
changing their masks [11].

This paper is organized as follows. Section 2 introduces the
Acoustic Mask Detector, AudioMAE Prior Module, and Fusion
Module. Section 3 describes Data preparation, Training, Inference
and Export, and Evaluation and Results, including Prediction Com-
pression for Export.
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Figure 1: Audio-only system overview. Raw MIC-format audio is processed by the Acoustic Mask Detector and the AudioMAE Prior
Module, and the Fusion Module produces ranked candidates for DCASE output.

2. SYSTEM DESCRIPTION

2.1. System overview
Figure 1 summarizes the audio-only inference system, which

maps raw four-channel MIC-format audio to ranked class-aware
acoustic masks. In this report, each 10 Hz DCASE output frame
contains a set of detections, and each detection consists of an
event class, a confidence score, and a spherical acoustic mask on
a 180× 360 elevation–azimuth grid.

The Acoustic Mask Detector is the main prediction path: it
maps the MIC-format audio to candidate masks, event classes, and
detector scores. In parallel, the AudioMAE Prior Module converts
the same recording to a mono downsampled signal and estimates
class priors for two-second windows. These priors are aligned to
detector frames before fusion. The Fusion Module combines the
detector scores with these priors and passes the ranked candidates
to the export step.

2.2. Acoustic Mask Detector
2.2.1. Detector interface

The Acoustic Mask Detector maps a raw MIC-format wave-
form x ∈ RL×4 to a set of per-frame mask candidates. For each
frame, the detector predicts {(Mi, ci, sd,i)}Qi=1, where Mi is an
acoustic mask, ci is an event class, and sd,i is the detector score
before prior fusion. The detector has two main components. The
Audio-to-Spherical Feature Backbone converts the waveform into
a spherical acoustic feature map Fsph ∈ RTd×D×Hs×Ws , where
Td = 21, D = 16, and (Hs,Ws) = (45, 90) for a 2-s input seg-
ment. The Mask Decoder uses this map with learned mask queries
to form the candidate masks, classes, and scores.

2.2.2. Audio-to-Spherical Feature Backbone
The backbone converts a 2-s MIC-format waveform into the

spherical feature map used by the Mask Decoder. The STFT
front end produces a padded magnitude–phase representation X ∈
R202×1024×12, where the 12 channels are log magnitude, sine
phase, and cosine phase for the four microphones.

A ConvNeXt-style audio encoder then extracts multi-level
time-frequency features [12]. Figure 2 shows the full encoder hier-
archy; the spherical projection uses the stage-2, stage-3, and stage-
4 features. For the 2-s segment shown in the figure, these features
have shapes 101×128×192, 101×64×384, and 101×32×768, re-
spectively. They provide the time-frequency evidence for the spher-
ical projection.

Spherical cross-attention maps the time-frequency features to
an elevation–azimuth grid. The learned spherical grid queries have
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Figure 2: Audio-to-Spherical Feature Backbone. Dimensions are
shown for a 2-s input segment. Time-frequency tensors are written
as T ×F ×C, and spherical tensors are written as T ×D×H×W .
Learned spherical grid queries provide the queries, while stage-2,
stage-3, and stage-4 time-frequency features provide keys and val-
ues. The cross-attention outputs are summed and temporally ag-
gregated into the spherical acoustic feature map used by the Mask
Decoder.

shape 45 × 90 × 16 and serve as the queries. The time-frequency
tokens from each ConvNeXt stage serve as keys and values. Each
stage produces a 101× 16× 45× 90 spherical feature map.

The three stage-wise spherical maps are summed at the 101-
frame resolution and then temporally aggregated to form Fsph ∈
R21×16×45×90, which is passed to the Mask Decoder.

2.2.3. Mask Decoder

The Mask Decoder follows the query-based mask prediction
paradigm of DETR, MaskFormer, and Mask2Former [7, 8, 9]. It
maintains Q = 16 learned mask queries, each acting as a candi-
date slot. Across 10 decoder layers, the query states attend to Fsph

and produce intermediate mask predictions; these masks guide the
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Figure 3: Mask Decoder. The detector uses 16 learned query slots and 10 decoder layers. The labels 1, 2, and 10 indicate decoder layers, and
each layer maintains 16 query slots. The spherical acoustic feature map is provided to every decoder layer, while the query states and mask
predictions are updated across layers. The final query states are passed to class and score heads, and the final mask prediction is converted to
the exported acoustic mask.

next masked-attention step, so query states and masks are refined to-
gether. After the final layer, the query states are passed to the class
and score heads, while the final mask embedding is combined with
mask features and upsampled to form the exported acoustic mask.
The score head outputs the detector score sd for each candidate,
which is later calibrated by the Fusion Module.

2.3. AudioMAE Prior Module

The AudioMAE Prior Module receives the same raw MIC-
format audio and estimates class activity for two-second windows.
It averages the four MIC channels into a mono waveform, resam-
ples the waveform to 16 kHz, and converts it to filterbank features
for a frozen AudioMAE encoder. A trained lightweight MLP head
maps the pooled AudioMAE embedding for each window to the
13 DCASE event classes. During fusion, the recording is divided
on the 10 Hz output timeline into non-overlapping 2-s windows,
corresponding to 20 output frames. The class probabilities from
each window are assigned to the frames covered by that window as
p(c, t); the last window is clipped at the recording boundary.

2.4. Fusion Module

Each detector candidate has a class label, output-frame index,
and detector score. The aligned AudioMAE prior supplies p(c, t)
for the candidate class c and output frame t. We compute the fused
score as

sf = sd p(c, t)
α, (1)

where sd is the detector score and sf is the fused score. The param-
eter α controls the strength of the recognition prior, and the system
uses α = 0.5. Fusion changes only the candidate score used for
ranking; the predicted class and acoustic mask are kept from the
Acoustic Mask Detector. The ranked candidates are then passed to
the DCASE export step.

3. EXPERIMENTS

3.1. Data preparation

We construct two datasets for the audio-only mask detector.
The synthetic class-agnostic dataset provides acoustic-region masks
from simulated room acoustics, while the DCASE augmentation
dataset converts official polygon annotations into class-aware spher-
ical mask targets.

3.1.1. Synthetic class-agnostic data

The synthetic class-agnostic dataset is generated from 2 s
VCTK speech clips [13]. For each item, source clips are placed
in a randomly sampled shoebox room and rendered as 48 kHz four-
channel MIC-format audio. The room dimensions are sampled from
2–10 m along the horizontal axes and 2–4 m along height. We use
image-source room acoustics implemented with pyroomacoustics
[14], with an image source order of five.

The synthetic scenes contain up to six simultaneous sources.
To avoid limiting the target to point sources, the renderer repre-
sents an extended source with multiple sub-sources sampled inside
an angular support. The resulting target is a class-agnostic spherical
acoustic mask that describes the source region.

3.1.2. DCASE augmentation data

The DCASE augmentation dataset is built from the
STAIRS26/DCASE development recordings and official poly-
gon annotations [15]. Each 2 s MIC-format segment is paired with
the annotations active in the segment. The polygon annotations
are rasterized into class-aware acoustic mask targets at 180 × 360
resolution, with 90 × 180 and 45 × 90 targets used as lower-
resolution mask targets. Each target records an event class and the
corresponding spherical acoustic region.

The official MIC recordings contain 32 channels, whereas our
detector uses a four-channel MIC-format input. We therefore con-
struct four azimuth views for each segment by selecting four-
channel subsets from the array. The views correspond to yaw angles
of 0◦, 90◦, 180◦, and 270◦. For each view, the rasterized mask is
shifted along the azimuth axis by the same yaw angle, keeping the
selected audio view and mask target aligned. The four-view aug-
mentation gives 30,024 two-second segments for detector training.

3.2. Training
Table 1 summarizes the training settings for the submitted sys-

tem. The Acoustic Mask Detector is trained with synthetic class-
agnostic masks and then DCASE class-aware masks, while the Au-
dioMAE Prior is trained separately for two-second window class
prediction.

3.2.1. Detector training

The first detector stage uses the synthetic class-agnostic masks
described in Section 3.1. These masks are generated from ran-
domly sampled simulated scenes and contain acoustic regions with-
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Table 1: Training settings for the submitted audio-only system.
Stage Supervision Main Loss Extra Loss Optimization

Detector (Synthetic Data) Class-agnostic Mask Hungarian + BCE + Dice Mask Refinement AdamW, lr=1×10−4, batch size=1, steps=500k
Detector (DCASE) 13-class Mask Hungarian + CE + BCE + Dice Class Calibration, Candidate Scoring AdamW, lr=3×10−5, batch size=1, steps=60k
AudioMAE Prior 2-s Class Activity Multi-label BCE None AdamW, lr=3×10−4, batch size=8, steps=30k

out DCASE event classes. This stage trains the Acoustic Mask De-
tector to predict class-agnostic spherical masks from multichannel
audio. The predicted candidates are matched to the target masks
with Hungarian matching and optimized with binary cross entropy
and Dice losses.

The second detector stage uses the DCASE class-aware mask
targets. For each frame, the detector outputs a fixed set of mask can-
didates, each with a class label, mask, and detector score. We match
these candidates to the available targets with Hungarian match-
ing, using a cost based on class prediction, mask binary cross
entropy, and mask Dice agreement. Matched candidates receive
class and mask losses, while unmatched candidates contribute non-
event score supervision. The mask-refinement loss supervises the
high-resolution mask output for matched candidates. The class-
calibration loss applies additional class-logit supervision, and the
candidate-scoring loss trains the detector confidence used for rank-
ing.

3.2.2. AudioMAE Prior Training

The AudioMAE Prior is trained separately from the detector.
We keep the pretrained AudioMAE encoder frozen and optimize
only the lightweight MLP classifier. The supervision is 13-class
activity for two-second windows derived from the DCASE annota-
tions, and the training loss is multi-label binary cross entropy.

3.3. Inference and Export
3.3.1. Inference

At inference time, the Acoustic Mask Detector and AudioMAE
Prior Module are applied to the same recording. The Fusion Module
re-ranks each detector candidate with the prior of its predicted class;
the class label and mask remain those predicted by the detector.

The DCASE output is written at 10 Hz. After ranking, we apply
a score threshold of 0.05 and retain at most six detections per frame.
Each retained detection contains an event class, fused score, and
acoustic mask on the 180 × 360 spherical grid, serialized with a
mask-energy threshold of 0.10.

3.3.2. Prediction Compression for Export

Each predicted mask is stored in the DCASE JSON file as a set
of (x, y, e) points, where x and y are the azimuth and elevation grid
indices of the 180 × 360 spherical image, and e is the mask inten-
sity. A dense 180×360 mask may contain many such points, which
makes the full-recording JSON files large. We therefore reduce the
point set after inference. This reduction is designed around the of-
ficial evaluation process [1]: the evaluator renders the submitted
points with a spherical Gaussian kernel (σ = 6◦) and then thresh-
olds the rendered map at 10% of its peak. The goal is to keep the
points that are most important for this rendered mask, rather than to
store the dense mask itself.

For each mask, we first remove points below 10% of the mask
peak. We then divide the spherical image into local grid cells and
keep the strongest remaining point in each cell. A small number of
boundary support points is also kept to reduce shrinkage after Gaus-

sian rendering. The submitted setting uses a 2-pixel grid for detec-
tions with fused score at least 0.20, and a 6-pixel grid with 2-pixel
boundary support for lower-score detections. The compressed file
keeps the standard DCASE fields: frame index, class label, score,
and mask points.

3.4. Evaluation and Results
We evaluate the original predictions on 78 full recordings from

the development test set, using the 10 Hz and 180× 360 export set-
ting in Section 3.3. mAP is the main metric, AP50 is AP at an IoU
threshold of 0.50, and Pearson r is the average correlation between
rendered prediction and reference mask-energy maps for matched
pairs.

Table 2: Results on the full-recording development test set.

System mAP AP50 Pearson r

Proposed system 0.1017 0.2378 0.7904

Table 3: Prediction compression on the full-recording development
test set.

Setting mAP Max JSON Avg. JSON

Original prediction 0.1017 148.98 MB 58.84 MB
Compressed prediction 0.1009 19.03 MB 7.90 MB

The compression result greatly reduces the file size while keep-
ing mAP close to the original prediction. The absolute mAP re-
mains low, showing that robust class-aware acoustic mask predic-
tion remains challenging. The low mAP together with the relatively
high Pearson r suggests that the predictions preserve part of the
frame-level acoustic energy structure but do not consistently pro-
duce correctly ranked class-aware detections. This gap indicates
that candidate ranking and class-aware mask selection remain the
main bottlenecks of the current audio-only system.

4. CONCLUSION

We presented an audio-only semantic acoustic imaging system for
DCASE2026 Task 3. The system connects multichannel acoustic
cues to class-aware mask prediction through an Acoustic Mask De-
tector and an AudioMAE-based score-fusion prior. On the full-
recording development test set, the system obtains 0.1017 mAP,
0.2378 AP50, and 0.7904 Pearson r. The prediction-compression
step reduces the JSON size for submission with only a small change
in mAP. Overall, the results show that forming useful acoustic mask
evidence is possible in the audio-only setting, while reliable class-
aware candidate ranking remains the main challenge.
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