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Abstract—This work explores domain generalization (DG) for
sound event detection (SED), advancing adaptability to real-world
scenarios. Our approach employs a mean-teacher framework with
domain generalization named DG-SED to integrate heterogeneous
training data while preserving the SED model performance across
the datasets. Specifically, we first apply mixstyle to the frequency
dimension to adapt the mel-spectrograms from different domains.
Next, we use the adaptive residual normalization method to
generalize features across multiple domains by applying instance
normalization in the frequency dimension. Lastly, we use the
sound event bounding boxes method for post-processing. We
evaluate the proposed approach DG-SED on the DCASE 2024
Challenge Task 4, measuring PSDS on the DESED dataset and
macro-average pAUC on the MAESTRO dataset. The results
indicate that the proposed DG-SED method improves both PSDS
and macro-average pAUC compared to the baselines. The code
will be released in due course.

I. INTRODUCTION

Sound event detection (SED) [1] involves identifying and
classifying sound events from acoustic signals along with
their timestamps across various environments. It is a core
task in many audio-processing applications such as home
surveillance and urban computing. In recent years, deep learn-
ing models [2]–[7] have witnessed success in SED research.
However, these models require a large amount of strongly
labeled data, which is costly and time-consuming to obtain.
To address these issues, weakly supervised or semi-supervised
learning techniques are used and also considered under the
latest edition of DCASE 2024 Challenge Task 4 [8]. The
current edition utilizes a new dataset namely, MAESTRO
Real [9] that is softly labeled together with the widely used
DESED [10] dataset containing strongly labeled data for SED
model development under heterogeneous training conditions.
However, training a robust SED model with heterogeneous
training data is challenging because the labels may not be
consistent across different datasets, apart from the domain
mismatch caused by differences in the multiple datasets [8].

Deep neural networks (DNNs) often struggle to generalize
to unseen domains due to the domain mismatch mentioned
above, leading to poor results in real-world applications. Do-
main generalization (DG) [11]–[14] has become an essential
research topic across different fields. Techniques like feature-
based augmentation, and style transfer normalization have
been used to address device domain mismatch, such as in the
DCASE challenge Task 1 [15], [16]. Thus, employing domain
generalization for heterogeneous training data from different

domains for sound event detection remains underexplored. In
previous editions of DCASE Challenge Task 4, researchers
have explored solutions for domain mismatch. For example,
domain adaptation methods have been used to efficiently
exploit synthetic strong-labeled data by using domain classi-
fiers, considering the gap between synthetic and real data in
DESED [10].

The DCASE 2024 Challenge Task 4 focuses on develop-
ment of a single SED model for detection of sound classes
in DESED and MAESTRO datasets using their training set
collectively, in contrast to the previous edition in 2023 [4],
[17], where separate SED model development for the two
dataset was required. The goal of the SED model is still
to provide event classes along with their time boundaries,
even with multiple overlapping events. At the same time,
this task emphasizes leveraging training data with varying
annotation granularity (temporal resolution, soft/hard labels).
Systems evaluated based on labels with different granularity
can help to understand their behavior and robustness for
various applications. In addition, the target classes in different
datasets also differ, so sound labels present in one dataset
might not be annotated in another. Therefore, the developed
SED system needs to handle potentially missing target labels
during training and perform without knowing the origin of the
audio clips at evaluation time. Several studies have focused on
domain generalization in SED. The Mean Teacher method, is
a key semi-supervised learning method for DG in SED [18].
However, it still struggles with distribution mismatch between
synthetic and real audio [19]. Domain adaptation, widely
used in image and acoustic scene classification [20], offers
an alternative solution. Domain adaptation typically requires
multiple stages, such as feature extraction, alignment, and
mapping between source and target domains. How to achieve
domain generalization in SED in a one-stage and end-to-end
manner is still underexplored.

In this study, we propose a novel approach named DG-
SED for SED with heterogeneous training data to address the
domain mismatch issue in DCASE 2024 Challenge Task 4.
We first analyze the relationship between the domain and the
statistics of each feature dimension. For DG-SED, we first
mix styles of training instances in the frequency dimension,
resulting in novel domains being synthesized implicitly. This
increases the domain diversity of the source domains and
thereby enhances the generalizability of the trained model. In
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Fig. 1. 2D t-SNE visualizations on the DCASE 2024 Task 4 dataset using the feature map of CRNN.

addition, we use the adaptive residual normalization (AdaRes-
Norm) module to generalize features across multiple domains
by applying instance normalization in the frequency dimen-
sion. Further, we use the sound event bounding boxes method
for post-processing. With the above modules, the DG-SED
system is expected to perform more effectively even though
the training data originates from different sources. The code
will be released in due course.

II. PROPOSED DG-SED APPROACH

A. Analyzing domain mismatch in heterogeneous data

Domain mismatch in heterogeneous data is mostly due to the
sources of data or how they were collected. In DCASE 2024
Task 4 Challenge, the audio files in DESED were sampled
from public sources, such as Freesound and YouTube, while
audio clips in MAESTRO was recorded in real-life scenarios.
Although all the sound classes in DESED and MAESTRO
datasets are not same, some events in DESED are mapped
to similar classes in MAESTRO. For example, in DESED,
“speech” is a super-class for “people talking,” “children’s
voices,” and “announcements” in MAESTRO. This mapping
ensures the network to behave similarly during training in
case of these mapped classes irrespective of their original
sources. However, this class mapping may cause a domain
mismatch because the audio features of these classes might
differ significantly between the two datasets.

To analyze these differences, we use a 2D convolutional
neural network (CNN) as convolutional layers which are
applied to extract local invariant features. We denote the input
time-frequency representations of 2D CNNs as X ∈ RF×T ,
where F and T are the numbers of frequency bins and frames,
respectively. With a batch size of N , we can represent feature

maps as M ∈ RN×C×F×T , where C is the number of
channels. Following [15], we utilize instance statistics across
a specific dimension, i.e., mean and standard deviation (std),
to analyze audio characteristics in 2D CNNs. Specifically, the
frequency-wise statistics can be formulated as:

s(F ) = Concat(µ(F ), σ(F )) (1)

where µ(F ) ∈ RF and σ(F ) ∈ RF are mean and std computed
across F -axis, respectively. ‘Concat’ stands for concatenating
the two vectors. Similarly, the channel-wise statistics is ob-
tained as:

s(C) = Concat(µ(C), σ(C)) (2)

where µ(C) ∈ RF and σ(C) ∈ RC are mean and std
calculated across C-axis, respectively.

We compare s(F ) and s(C) using 2D t-SNE visualization
in Figure 1, where the feature maps are generated by the
CRNN baseline model of DCASE 2024 Task 4. It is observed
that the features from different domains are better separated
with frequency-wise statistics than that with channel-wise
statistics, demonstrating that the frequency feature dimension
carries more domain-relevant information in comparison to the
channel dimension.

B. Frequency-wise MixStyle

MixStyle [21] is a common DG method motivated by the
observation that the visual domain is closely related to image
style. Specifically, MixStyle mixes the feature statistics of two
instances with a random convex weight to simulate new styles.
This helps the model generalize better across different domains
by increasing the diversity of the training data.

We analyzed the relationship between the domain and
the statistics of each feature dimension in Section II-A,
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which revealed that the frequency feature dimension carries
more domain-relevant information than the channel dimension.
Therefore, we propose to use Freq-MixStyle, which normalizes
the frequency bands of spectrograms and then denormalizes
them with mixed frequency components from two different
recordings. The mixing coefficient specifies the shape of the
Beta distribution. More specifically, given an input batch x,
Freq-MixStyle first generates a reference batch x̂ from x.
When both datasets are given in one single batch, x is sampled
from two different domains d (DESED) and m (MAESTRO),
e.g., x = [xd, xm]. Then, x̂ is obtained by swapping the posi-
tion of xd and xm as shown in Figure 2, followed by a shuffling
operation along the batch dimension applied to each batch.
After shuffling, Freq-MixStyle computes the feature statistics,
(µ(F, x), σ(F, x)) and (µ(F, x̂), σ(F, x̂)). Here, µ(F, x) and
σ(F, x) are the mean and standard deviation of each instance
from the x across F -axis. Freq-MixStyle then generates a
mixture of feature statistics by:

αmix = λµ(F, x) + (1− λ)µ(F, x̂), (3)

βmix = λσ(F, x) + (1− λ)σ(F, x̂), (4)

where λ is an instance-specific, random weight sampled from
the Beta distribution. Finally, the mixture of feature statistics
is applied to the style-normalized x as:

Freq-MixStyle(x, x̂) = αmix ⊙ x− µ(F, x)

σ(F, x)
+ βmix (5)

Freq-MixStyle for domain generalization is beneficial as it
helps the SED model learn more robust frequency-wise fea-
tures by simulating new domains during the training process.

C. Adaptive residual normalization

While Freq-MixStyle mixes feature statistics of two in-
stances to enhance domain generalization, we also employ
adaptive residual normalization (AdaResNorm) to focus on
adjusting the normalization process. The AdaResNorm is based
on the frequency-instance normalization (FreqIN) which gen-
eralizes the features on multiple domains by applying instance
normalization in the frequency dimension.

FreqIN(x) =
x− µ(F, x)√
σ2(F, x) + ϵ

(6)

where ϵ is an extremely small constant for numerical stability.
Moreover, residual normalization adds an identity path to Fre-
qIN with a hyper-parameter for compensating the information
loss. Inspired by residual normalization, we introduce adaptive
residual normalization, as shown in:

AdaResNorm(x) = (a · x+ (1− a) · FreqIN(x)) · b+ c (7)

Here a, b, and c are trainable parameters for balancing, scaling,
and shifting, respectively. By adding trainable parameters to
control the trade-off between identity and FreqIN, the normal-
ization behavior can be adaptively adjusted by the character-
istics of the data and the requirements of the domain. This
can help mitigate the information loss that might occur during
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BiGRU

Fusion
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Fig. 2. Illustration of our proposed DG-SED method. The orange and blue
labels denote the DESED and MAESTRO datasets, respectively.

the MixStyle process. Additionally, AdaResNorm can enhance
the robustness of the model when dealing with the diverse and
mixed domains created by Freq-MixStyle. Thus, integrating
AdaResNorm with Freq-MixStyle provides a more effective
domain generalization by leveraging the strengths of both
methods. It is noted that the adaptive residual normalization is
inserted after the first convolution layer.

D. Sound event bounding box-based post-processing

Inspired by bounding box predictions in image object de-
tection [22], the SEBBs were proposed in [23], which are
one-dimensional bounding boxes defined by event onset time,
event offset time, sound class, and confidence. They represent
sound event candidates with a confidence score. The final SED
is derived by applying class-wise event-level thresholding to
SEBBs’ confidences. For high sensitivity or recall (few missed
hits), a low detection threshold is used to detect events even
when the confidence of the system is low. For high precision
(few false alarms), a higher threshold detects only events with
high confidence. SEBBs allow controlling system sensitivity
without affecting the detection of an event’s onset and offset
times, unlike frame-level thresholding.
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To address the mismatch between synthetic validation and
real-world test datasets, we split the 3,470 clips of the strongly
annotated AudioSet to get an additional real validation dataset
(373 clips). We then adopt a change-detection-based approach
for SEBBs (cSEBBs) tuned on this real validation dataset. This
method calculates “delta” scores by filtering the signal and
identifies peaks and troughs as tentative onsets and offsets. We
merge gaps caused by minor signal variations by comparing
scores with a predefined threshold. After tuning filter length
and thresholds on the real validation set, cSEBBs are used as
the post-processing in our system.

III. EXPERIMENT SETTING

A. Implementation details

Our implementation is based on a CRNN [2] from previous
DCASE Task 4 challenge editions [4], [24]. It is enhanced
with self-supervised features from the pre-trained BEATs [25]
model. We begin by shuffling and mixing the MAESTRO and
DESED strong data using Freq-MixStyle. Freq-MixStyle is
used with a probability of 0.5, and a beta distribution coef-
ficient of 0.6 is set for all experiments. After passing through
the first 2D CNN layer, AdaResNorm is applied. The CRNN
model includes a 2D CNN encoder with 7 convolutional layers,
followed by a bi-directional GRU (biGRU) layer. Then, BEATs
features are concatenated with the CNN-extracted features be-
fore the biGRU layer. Average pooling is applied to the BEATs
features to match the sequence length of the CNN encoder.
Attention pooling is used to derive both clip-wise and frame-
wise posteriors, and the BEATs model remains frozen during
training. A mean-teacher [26], [27] framework is utilized to
leverage unlabeled and weakly labeled data, with masked soft-
max applied for unlabeled classes during attention pooling. We
further enhance DESED dataset performance using cSEBBs
after frame-level predictions. We also employed FDY-CRNN
from [3] to demonstrate the cross-backbone ability of our
domain generalization method, which uses frequency adaptive
kernels to enforce frequency dependency in 2D convolutions.
Compared with the baseline CRNN architecture, we replaced
the standard 2D CNN with FDY-convolutional blocks.

For audio preprocessing, clips are resampled to 16 kHz
mono, segmented with a window size of 2048 samples and
a hop length of 256 samples, and converted into log-mel
spectrograms. Clips shorter than 10 seconds are padded with
silence. The training uses a batch size of 60, with specific data
distribution: 1/5 MAESTRO, 1/10 synthetic, 1/10 synthetic +
strong, 1/5 weak, and 2/5 unlabeled. We conduct 50 warmup
epochs within a total of 300 epochs, with a learning rate of
0.001 and exponential warmup in the first 50 epochs.

B. Datasets

The DCASE 2024 Challenge Task 4 comprises of two
datasets for training a single model for SED.

The DESED dataset [10] comprises 10-second audio clips
from domestic environments, including both real recordings
and synthetic data designed to mimic these settings. The

synthetic clips are generated using Scaper [28], while real-
world recordings are sourced from AudioSet [29]. The dataset
includes a mix of weakly annotated (1,578 clips), unlabeled
(14,412 clips), and strongly annotated data (3,470 clips),
providing a diverse range of sound events for detection tasks.

The MAESTRO Real dataset [9] features a development
set (6,426 clips) and an evaluation set containing long-form
real-world recordings. It includes multiple temporally strong
annotated events with soft labels, generated through a combi-
nation of crowdsourcing and a sliding window approach [30].
The dataset draws recordings from the TUT Acoustic Scenes
2016 dataset [31], covering various real-life scenarios.

C. Metrics

The DCASE 2024 Task 4 considers two metrics for eval-
uation. PSDS [35], [36] is computed based on event onset
and offset times, which are “PSDS1” in the previous DCASE
challenge and only available for DESED data, and thereby only
on that fraction of the evaluation set. For MAESTRO, segment-
based labels (one second) are provided, and the segment-
based mean (macro-averaged) partial area under the ROC curve
(mpAUC) is used as the primary metric, with a maximum FP-
rate of 0.1. mpAUC is computed with respect to hard labels
(threshold = 0.5) for the 11 classes listed. It is noted that the
DESED and MAESTRO clips are anonymized and shuffled in
the evaluation set to prevent manual domain identification.

IV. RESULT AND ANALYSIS

We are first interested in evaluating the impact of the pro-
posed DG-SED method used on the DESED dataset in terms
of the PSDS metric that measures how well the system detects
sound events. From Table I, we can observe that the baseline
CRNN system has a PSDS of 0.549 on the public evaluation
set. And the FDY-CRNN [3] improves the performance with
more parameters. DG-SED (without AdaResNorm) further
increases the performance by improving data diversity for both
CRNN and FDY-CRNN backbones. We obtain a better result
with cSEBBs post-processing. Further, applying the whole
DG-SED method helps with normalization to improve the
PSDS. The best PSDS of 0.604 on the public evaluation set
is obtained when all the modules are used, and benefits from
each module.

Then we analyze the results in terms of mpAUC, which
measures performance on the MAESTRO dataset as shown in
Table I. Similar to the trend we observed in case of the DESED
dataset, each method shows its contribution to enhancing
the baseline performance on the MAESTRO dataset. When
introducing Freq-MixStyle, and AdaResNorm together as DG-
SED to FDY-CRNN backbone, we obtain the best mpAUC of
0.739 on the MAESTRO Real validation set. This confirms our
proposed DG-SED method works effectively on both DESED
and MAESTRO datasets.

Finally, we compute the joint score that combines PubEval-
PSDS and mpAUC scores for each system as DCASE 2024
Challenge Task 4 considers the joint score for benchmarking
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TABLE I
PERFORMANCE IN PSDS AND MPAUC OF DIFFERENT SINGLE-SYSTEMS ON THE DESED DEVELOPMENT SET (DEV-PSDS), DESED PUBLIC EVALUATION

SET (PUBEVAL-PSDS), AND MAESTRO VALIDATION SET (MPAUC) INCLUDING DG-SED METHOD, AND ADAPTIVE RESIDUAL NORMALIZATION
(ADARESNORM). THE JOINT SCORE IS BASED ON THE SUM OF PUBEVAL-PSDS (CSEBBS) AND MPAUC. (X) MEANS THE IMPROVEMENTS COMPARED

WITHOUT THE DG-SED METHOD.

System Dev-PSDS ↑ PubEval-PSDS (raw) ↑ PubEval-PSDS (cSEBBs) ↑ mpAUC ↑ Joint score ↑ Parameters
CRNN (DCASE2024 baseline [8]) 0.493 0.549 - 0.721 1.270 (-) 1.8M

FDY-CRNN [3] 0.508 0.596 0.601 0.728 1.329 (-) 3.4M

CRNN + DG-SED (w/o AdaResNorm) 0.516 0.573 0.583 0.724 1.307 (↑ 0.037) 1.8M
FDY-CRNN + DG-SED (w/o AdaResNorm) 0.520 0.596 0.603 0.737 1.340 (↑ 0.011) 3.4M

CRNN + DG-SED 0.520 0.574 0.588 0.726 1.314 (↑ 0.044) 1.8M
FDY-CRNN + DG-SED 0.526 0.598 0.604 0.739 1.343 (↑ 0.014) 3.4M

TABLE II
PERFORMANCE COMPARISON OF OUR SYSTEM WITH OTHERS ON THE

DCASE 2024 TASK 4 PUBLIC EVALUATION SET (PSDS) AND
DEVELOPMENT SET (MPAUC).

System PSDS ↑ mpAUC ↑ Joint score ↑ Params

Chen NCUT task4 3 [32] 0.549 0.697 1.246 17M

Kim GIST-HanwhaVision task4 1 [33] 0.610 0.686 1.296 4M

Zhang BUPT task4 1 [34] 0.572 0.763 1.335 10M

CRNN + DG-SED 0.588 0.726 1.314 1.8M

FDY-CRNN + DG-SED 0.604 0.739 1.343 3.4M

the systems. From Table I, we observe that the joint score sig-
nificantly improves from 1.270 to 1.314 upon introducing DG-
SED with cSEBBs to the baseline CRNN system, showcasing
their contributions. Also with the FDY-CRNN backbone, we
obtain the best joint score, it comes at the cost of the increase
in model parameters around twice that in the baseline. On
the contrary, DG-SED is useful for developing low-complexity
systems as it does not affect the model parameters.

This Table II shows that our DG-SED system, which in-
corporates domain generalization methods (e.g., MixStyle and
Adaptive Residual Normalization) into the FDY-CRNN with
cSEBBs, achieves a joint score of 1.343 on the DCASE 2024
Task 4 public evaluation set and . This score surpasses other
top submissions under similar resource constraints. We avoid
direct comparisons with models with very different parameter
sizes, to ensure a fair evaluation. Our model requires only 3.4
million parameters, demonstrating that it enhances accuracy
while maintaining a compact structure.

V. CONCLUSION

This work demonstrates the effectiveness of DG-based
techniques for SED systems trained with heterogeneous data.
By integrating Freq-MixStyle, adaptive residual normalization,
and cSEBBs within a mean-teacher framework, our DG-SED
approach successfully adapts mel-spectrograms and general-
izes features across multiple domains. Studies on the DCASE
2024 Challenge Task 4 dataset show that our DG-SED method
significantly improves both the polyphonic SED score on the
DESED dataset and the macro-average pAUC on the MAE-
STRO Real dataset, outperforming the challenge baseline.
These results highlight the potential of DG-SED methods in
advancing SED adaptability to real-world scenarios.
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