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ABSTRACT

Sound event localization and detection (SELD) has great po-
tential importance in daily life. Joint training of SELD can
simultaneously share and model the acoustic knowledge of
sound event detection and source localization. In this pa-
per, we propose a novel SELD system based on a two-branch
cross-stitch neural network. First, the proposed neural net-
work takes 4-channel log-Mel energies and 3-channel inten-
sity vector as two-branch inputs. Then we incorporate the
cross-stitch unit and Transformer encoder to share and model
the acoustic representations for SELD. Besides, we present
a time-domain data augmentation method to effectively im-
prove the performance of SELD. We evaluated the proposed
system on the dataset of ICASSP 2022 L3DAS22 Challenge
Task 2. Results show that our system outperforms the official
baseline system by a large margin. We employ an ensem-
ble of several models and achieve further improvement in the
evaluation metrics.

Index Terms— Sound event localization and detection,
cross-stitch neural network, data augmentation

1. INTRODUCTION

Humans can easily identify and localize various sound events,
but it is very challenging for machines. A sound event local-
ization and detection (SELD) system aims to use and share the
acoustic knowledge from sound event detection and source
localization by using a joint training approach. Researchers
have widely applied SELD systems in many applications,
such as localization and recognition of speakers [1] and au-
ditory scene analysis [2]. The complex sound environment
puts forward higher requirements on the robustness of envi-
ronmental sound detection and localization system, and it is
important to develop a stable and efficient SELD system in
such environments.

An SELD system has to complete two tasks: sound event
detection (SED) and direction of arrivals (DOA) estimation.
Conventional solutions use machine learning methods for
SED [3,4] and parametric methods for DOA estimation [5,6].
Recently, deep neural network (DNN) based methods have

achieved great success and outperformed conventional ma-
chine learning methods [7]. Among the DNN-based methods,
convolutional neural network (CNN) and recurrent neural net-
work (RNN) have been widely used and achieved great per-
formance for both SED and DOA estimation [8,9]. However,
the SED and DOA estimation are usually studied separately,
the acoustic knowledge has not been fully shared. SELD
system aims to deal with SED and DOA estimation together
in variegate 3D scenarios, and has attracted much attention in
recent years. To better share the knowledge from two tasks,
cross-stitch is proposed using a soft parameter-sharing unit,
and has been incorporated into DNN architectures [10].

In the development stage of an SELD system, the amount
of training data usually affects the final performance in reality.
Many data augmentation methods have been applied to over-
come the lack of training data and overfitting for SED, such as
time stretching and pitch shifting [11]. But these methods are
not appropriate for DOA estimation because they change the
information of multi-channel signals. Several time-domain
data augmentation methods have been proposed to generate
more multi-channel audio recordings, and have achieved great
improvement on SELD systems [12].

In this paper, we propose a two-branch cross-stitch neu-
ral network based system for SELD. First, we use the cur-
rent mainstream log-Mel and the intensity vector (IV) as two-
branch inputs of the network. Next, the cross-stitch is em-
ployed to share and model the acoustic and spatial features
for SED and DOA estimation. The Transformer encoder is
used to catch local and global dependencies and process in-
formation in parallel. Finally, we present a time-domain data
augmentation method to generate more training data, where
the original recordings are sliced and randomly mixed.

The rest of the paper is organized as follows. In Section
2, the proposed two-branch cross-stitch network is described.
time-domain data augmentation is introduced in Section 3,
and experimental results are shown in Section 4. Section 5
concludes this paper.

2. TWO-BRANCH CROSS-STITCH NETWORK

The main network in the proposed system is a two-branch
cross-stitch neural network, and the overall architecture of the
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Fig. 1: The overview of the proposed two-branch cross-stitch network.

network is illustrated in Fig. 1. The inputs of the network con-
sist of two branches, i.e., 4-channel log-Mel energies and 3-
channel IV, which are related to the number of input channels
of the First-Order Ambisonics. The 4-channel log-Mel ener-
gies are used as representations for SED, and the 3-channel
IV is used as representations for DOA estimation. After that,
we adopt CNN and RNN blocks to learn high-level local and
temporal features. Then, we firstly fed the outputs of CNN
blocks into the cross-stitch unit, and secondly fed the outputs
of RNN blocks into the cross-stitch unit as well. Cross-stitch
unit is used as the key module of the network, which was pro-
posed for multi-task learning [13]. The cross-stitch unit can
combine activation from multiple tasks and share SED and
DOA representations. We assume that x̃ij

A is the activation
maps of task A and x̃ij

B is the activation maps of task B, in
the cross-stitch unit, the operations on activation maps are de-
scribed as follow:

[
x̃ij
A

x̃ij
B

]
=

[
αAA αAB

αBA αBB

] [
xij
A

xij
B

]
(1)

where (i, j) is the location of the activation map, αAA, αAB ,
αBA and αBB are parameters, xij

A is the output activation
maps of task A and xij

B is the output activation maps of task
B. The cross-stitch unit is illustrated in Fig. 2. For SELD, the
outputs are extracted for 2 different tasks, i.e., SED and DOA
estimation. Moreover, αAA and αBA are equal and we denote
them as αD, αAB and αBB are equal and denoted as αS .

The output activation maps are successively fed into a
Transformer encoder, which is used to efficiently learn tempo-
ral context information. The outputs of Transformer encoder
are concatenated on channel axis, followed by fully connected
(FC) layers with the activation function of sigmoid for SED
and tanh for DOA.

3. TIME-DOMAIN DATA AUGMENTATION

Many data augmentation methods have been exploited to
overcome overfitting and improve the generalization of SELD
systems. We propose a time-domain data augmentation

Fig. 2: Cross-stitch unit.

method to augment the data by slicing and reorganizing
the sound events and direction labels. The data augmentation
method uses only single sound event recordings with their
DOA labels. First, the single sound event audio recordings
were cut into short clips according to the beginning and end
of the sound event in annotations, and we saved the short
clips separately according to 14 classes and the correspond-
ing labels. Second, we randomly selected audio clips from 14
classes for splicing, with intervals of 0.5, 1 and 1.5 seconds
respectively, and stored the tags corresponding to the audio
clips in the same file to get the reorganized single sound event
audio and tags. Then, we randomly selected audio from the
reconstructed single sound event audio of different intervals,
overlapped them, and saved the corresponding tags. Finally,
we got the new audio recordings and tags with up to three
overlapped events. Fig. 3 shows the processing diagram of
the proposed time-domain data augmentation method.

The advantage of this method is that the generated new
audio recordings can contain multiple sound events occurring
at the same time and maintain the multi-channel information.
This method can theoretically enlarge the original data many
times, and it can well balance the category distribution of the
dataset.
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Fig. 3: Processing diagram of the proposed time-domain data
augmentation method.

4. EXPERIMENTS

4.1. Dataset

The dataset evaluated for our proposed SELD system is the
dataset for Machine Learning for 3D Audio Signal Processing
(L3DAS22) Challenge Task 2 at IEEE ICASSP 2022 [14].
In task2, organizers synthesized 900 30-second recordings,
providing a dataset with a total duration of 7.5 hours. Each
audio contains a simulated 3D office audio environment, in
which up to 3 sound events can be happened at the same time.
In addition, when multiple sounds are active at the same time,
at least two sounds may belong to the same class. The sound
events are from 14 categories, and the number of recordings
with a single sound event in the training set ranges from 409
to 492. The statistics of the training set is shown in Fig. 4.

Fig. 4: Number of recordings of 14 categories in training set .

4.2. Experimental setups

We use log Mel-band energies as acoustic feature for SED,
and sound IV as spatial feature for DOA estimation. Log Mel-

band energies are extracted using Mel-filters and logarithm,
and the extraction of IV is formulated as:

IV =
real[Ww,Wc]∑ |Wc|2

(2)

where the subscript c stands for the channel index and Wc

is the short-time Fourier transform (STFT) matrix extracted
from channel c, then IV is also multiplied with Mel-filters
to have a similar energy distribution. Different intensity re-
sponse can be a spot in three directions if sound sources are
in different positions. In task 2, we only use the data from mic
A for feature extraction. For all audio files, we choose ham-
ming as STFT window, the sample rate is 32,000 Hz, window
length is 1024 and overlap is 228 samples, and Mel-filters are
128. The shape of the feature matrix is 7 × 128 × 1200, and
an example of acoustic feature is shown as Fig. 5.

Fig. 5: An example of log Mel-band energies and IV features.
The horizontal axis represents time in seconds, and the verti-
cal axis represents frequency in Hz.

For the proposed network, we use 4 CNN blocks, each of
which consists of 2 convolutional layers, and 2 RNN blocks,
each of which consists of 2 gated recurrent unit (GRU) lay-
ers. The number of channels of CNN blocks is 64, 128, 256
and 512, respectively. And in each CNN block, the convo-
lutional layers are with the same channels and kernel size of
3× 3, and each CNN block is followed with an average pool-
ing layer with pool size of 2× 2. The hidden size of GRU in
the RNN blocks is 256 . In cross-stitch unit, the αD and αS

are obtained from uniform 0.1 to 0.9 so that these 2 param-
eters are dynamic during the training. We set the number of
head to 8, nodes of feed forward network to 32 in the Trans-
former encoder. The number of nodes of FC layer is set to
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1024. The shape of SED output is 14× 3 and DOA output is
14×3×3. Moreover, we increased the dataset by 4.25 times,
containing 3,150 audio recordings. Mixup is employed as the
data augmentation method in the training stage [15].

The baseline system of task 2 is based on CRNN, which
is a variant of SELDnet [16], named SELDnet aug. The net-
work uses three convolution layers, followed by three bidi-
rectional GRU layers. Finally, the network is divided into two
branches to predict the detection and location information of
each target time step.

In addition, Location-sensitive detection is used as evalua-
tion metric for this task, and it is calculated under the situation
that the DOA error is less than 2 meters.

4.3. Post-processing

We adopt post-processing on two aspects in the proposed
SELD system: over event and over position.

Over event. Multiple active sound events in the same
class can be deemed as one continue active sound event if the
time gap between them is too short. We set the threshold to
10 frames (1000 ms). If the gap between two activated events
in the same class is less than this threshold, we deem them as
one active sound event. This idea is processed over the output
SED matrix so that the overlapped sound source in the same
class can be correctly processed.

Over position. Faced with a stationary sound source, xyz
coordinate is averaged individually in one active sound event.
It is processed over DOA output matrix, using SED output
matrix as active sound event mask.

4.4. Results and discussion

Table 1 shows the results of the proposed two-branch cross-
stitch neural network and SELDnet aug. The official baseline
uses STFT spectrogram as the acoustic features. We experi-
mented with the feature of log-Mel energies and IV, the F1-
score is improved to 0.4611. Then the proposed two-branch
cross-stitch network uses log-Mel energies and IV as input
feature and it outperforms the SELDnet aug with F1-score of
0.6187. We can see that the performance of SELD is signifi-
cantly improved by using the proposed network, which shows
that the cross-stitch can share and learn acoustic knowledge
from SED and DOA tasks.

Table 1: Results of different networks

Network Feature Data Aug. F1-score
SELDnet aug STFT - 0.4497
SELDnet aug Log-Mel+IV - 0.4611
Cross-stitch Log-Mel+IV - 0.6178

Table 2 reports the results of the proposed time-domain
data augmentation method conducted on SELDnet aug and

the proposed two-branch cross-stitch network. The perfor-
mance of using the proposed time-domain data augmenta-
tion method on SELDnet aug is improved by 26%, and for
the two-branch cross-stitch network is 10%. Therefore, it
confirms that the proposed time-domain data augmentation
method can improve the performance of SELD.

Table 2: Results with time-domain data augmentation
(TDDA) method.

Network Feature Data Aug. F1-score
SELDnet aug Log-Mel+IV mixup&TDDA 0.5822
Cross-stitch Log-Mel+IV mixup&TDDA 0.6728

Finally, we made an ensemble of several models trained
by the proposed SELD system. The submission achieved an
F1-score of 0.574 on the evaluation test set, which ranked the
fourth place on the leader board of the L3DAS22 Challenge.
An example of the prediction is shown in Fig. 6.

Fig. 6: An example of SED and DOA ground truth (GT) and
prediction (PRED).

5. CONCLUSION

In this paper, we present a two-branch cross-stitch neural net-
work based system for SELD. The two-branch cross-stitch
network is proposed to share and learn the acoustic and spa-
tial features for SED and DOA estimation jointly. More-
over, time-domain data augmentation method is explored to
solve the lack of training data for SELD. Experiments are
conducted on the datasets of L3DAS22 Challenge. Results
demonstrate that the two-branch cross-stitch network outper-
forms the CRNN of official baseline, and the proposed time-
domain data augmentation method can effectively improve
the performance of SELD systems.
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