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Abstract. Sound event localization and detection (SELD) focuses on
the simultaneous detection of various sound events along with their sptial
and temporal localization. Recent work shows that audio-visual fusion
methods, rarely involved in SELD research, show promising results than
the single modality. For this, we proposed an audio and visual signals
fusion mechanism for SELD based on convolutional recurrent neural net-
work (CRNN). Object detection and pre-trained model processing on the
corresponding image at the start frame of the audio feature sequence is
utilized to acquire visual cues passed into models. Compared to tradi-
tional convolution, we devise a depth-wise separable convolution block
to better learn the relevant information of different sound event cate-
gories in audio features. Experimental results on STARSS23 of DCASE
(2023) indicate that the introducing of visual cues do improve the SELD
performance compared to the audio-only system. The convolution block
devised in our proposed work further enhances the model’s performance
as it achieves higher SELD score.

Keywords: Sound event localization and detection + Deep learning -
Audio-visual fusion - Convolutional recurrent neural network

1 Introduction

Sound event localization and detection (SELD) involves the integration of sound
event detection (SED) and direction-of-arrival (DoA) estimation, forming a col-
laborative task. The primary objective of sound event detection (SED) is to
identify the start and end times of sound events associated with specific target
categories. In contrast, direction-of-arrival (DoA) estimation aims to predict the
spatial locations of distinct active sound events. Polyphonic SELD refers to sce-
narios where multiple sound events occur simultaneously and overlap in time.
Due to its ability to characterize sound sources spatially and temporally, SELD
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can be used to automatically describe social and human activities and presents
a wide range of applications, such as audio surveillance [1], automatic speech
recognition (ASR) [2,3] and environmental sound classification [4].

In early years, Gaussian mixture models (GMM) [5], hidden Markov models
(HMM) [6,7] and array processing techniques, such as multiple signal classifica-
tion [8] and steered response power [9,10] were used for SED and DoA estima-
tion task, respectively. However, these methods are usually not robust in noisy
environments. Recent research has shown notable advancements in SELD perfor-
mance through the utilization of deep neural network (DNN) based approaches.
Adavanne et al. introduced a pioneering approach in the field of SELD by propos-
ing SELDnet [11]. SELDnet is a convolutional recurrent neural network (CRNN)
model specifically designed for polyphonic SELD, where it addresses the joint
tasks of sound event detection (SED) and direction-of-arrival (DoA) estimation.
Shimada et al. [12] employed a consolidated output representation known as the
activity-coupled Cartesian DOA (ACCDOA) representation, which combines the
predictions of sound event detection (SED) and direction-of-arrival (DOA). To
address the issue of overlapping events from the same class, this method was
further developed into a multi-ACCDOA target format [13]. The Detection and
Classification of Acoustic Scenes and Events (DCASE) challenge, which is a very
popular sound detection challenge today, was founded in 2019, and SELD was
first as task 3 in the challenge. With the annual continuation of the DCASE
Challenge, state-of-the-art methods in the sound event localization and detec-
tion (SELD) task often leverage intricate network architectures and extensive
data augmentations [14-16].

As is known to all, human brain usually utilizes the combined senses of hear-
ing and vision to perceive its surroundings and extract valuable complementary
information. Recently, audio-visual systems arise in applications such as speaker
diarization [17], speaker detection [18] with the release of these competition
related datasets. Qian et al. [19] collects a realistic dataset on a robotic platform
and adapts audio-visual fusion method for tracking speaker spatially by estimat-
ing their Direction of Arrival (DoA). For audio-visual sound source localization,
most current researches localize sound sources in a video frame assuming they
are visible [20,21], instead of their spatial positions. These approaches about dif-
ferent tasks with different network structures but employing audio-visual fusion
methods all presented good performance. In contrast to relying solely on audio
data, video data holds the potential to alleviate challenges and uncertainties
in the spatio-temporal characterization of acoustic scenes. However, due to the
absence of a formal, carefully labeled audio-visual dataset and its more com-
plex sound event categories and scenarios, there are few literature on audio-
visual SELD. DCASE 2023 released Sony-TAu Realistic Spatial Soundscapes
2023 (STARSS23) extended form STARSS22 [22], a manually annotated dataset
made of recordings of real sound scenes. It adds an additional 4h of material
captured in Tampere University distributed between the training and evalua-
tion sets. It further includes simultaneous 360° video recordings for all the audio
recordings and it augments the respective labels with source distance informa-
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tion, apart from the direction-of-arrival to stimulate further developments on
SELD research.

In this work, we propose an audio-visual network based on CRNN for sound
event localization and detection. We improve CRNN networks by introducing
visual modules and use the corresponding image at the start frame of the acous-
tic feature to conduct objection detection and process by pre-trained models
for obtaining visual feature. We devise a convolution block based on depth-wise
convolution with multi-scale kernel size instead of conventional 2D convolution.
In the following sections, we will detail the proposed network. Then, compar-
isons were conducted to investigate the performance of our proposed audio-visual
method between DCASE 2023 official baseline and audio-only from experimental
results on STARSS23.

2 The Proposed Method

In this part, we introduce our proposed approach for audio-visual SELD based on
CRNN. We employ a late fusion strategy and Fig. 1 shows the overall process of
our framework which consists of feature extractor, audio encoder, video encoder,
and decoder. We extract features from audio and visual input separately and
send them into unimodal encoder. Then, we fusion these embeddings and utilize
decoder to perform temporal modeling along with output mapping.
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Fig. 1. The diagram of audio-visual fusion SELD network.
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2.1 Feature Extraction

Audio Feature. SELDnet was trained using multichannel magnitude and phase
spectrogram as the input data during its initial introduction [11]. Afterward,
alternative feature representations were explored and demonstrated to be more
effective for SELD. These included utilizing multichannel log-spectrograms and
intensity vectors (IVs) for the FOA format, as well as employing the generalized
cross-correlation with phase transform (GCC-PHAT) on the mel-scale for the
MIC format. Compared with IVs, inter-channel phase differences (IPDs) also
contain the directional information associated with different sound source. It had
been used as spatial feature in [12,23], which showed a promising performance.
In our proposed work, we also use IPDs together with the amplitude of complex
spectrograms as audio feature. For audio feature extraction as showed in Fig. 2,
short-time Fourier transform (STFT) is first utilized to transform the raw audio
signal into complex spectrograms. Then, the amplitude of complex spectrograms
and IPDs are calculated respectively. The IPD can be computed as

IPDy tp.q = Lat,fp — LTt 1, (1)

where z; ¢, and x¢ r , are STF'T coefficients, ¢, f, p, and g denote the time frame,
the frequency bin, the Ambisonic channel p, and the channel ¢, respectively. We
fix p = 0 to compute relative IPDs between all the other channels, i.e., ¢ # 0.
The overall output dimension of audio feature extraction is C' x T' x M, where
C' is sum of channels from the amplitude of complex spectrograms and IPDs,
M is half of FFT point size for taking positive frequencies only, T" represents all
frames included in one audio clip.
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v
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Fig. 2. The overall process diagram of audio feature extraction.
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Visual Feature. Object detection, being a fundamental concern in the realm of
computer vision, has facilitated the development of numerous practical applica-
tions, including but not limited to autonomous driving, robot vision, and surveil-
lance systems [24]. Its result represented by bounding box not only show the
object category, but also contains spatial information of the object. MMDetec-
tion [25] is a comprehensive object detection toolbox that offers a diverse array of
methods for object detection and instance segmentation, along with associated
components and modules. It encompasses functionalities for both training and
inference, while also supplying pre-trained weights for over 200 network models.
Based on mmdetection, we select YOLOX-Tiny, a light model of YOLOX [26]
pre-trained on COCO dataset, as object detector to detect person in the corre-
sponding image at the start frame of the audio feature sequence. The detection
results are visualized in Fig. 3.

T TR

Fig. 3. The visualization of object detection results

Assume that the detected bounding box of a person at time ¢ is represented
by b, given by
be = (u, ve, we, he), (2)

where (u¢, v¢) represents the position of the top-left corner, and (w, h:) indicates
the width and height of the bounding box, respectively. The bounding boxes
of these people are transformed to a concatenation of two Gaussian-like vectors
pi(u), ps(v) as visual feature, which represents likelihoods of objects present along
the image’s horizontal axis u and vertical axis v, respectively [19]. For example,
the horizontal Gaussian-like vector is formulated as

i) = {“p(‘% b2 3

0, otherwise
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where py,+ = up + %wt is the horizontal center of b;, and o, is the standard
deviation. The formulation for vertical vectors is the same by replacing u with
U, fhyp With p, = v + %ht, and o, with o, in (3). Then, We can get Gaussian-
like vectors with a shape of 2 x B x L, where 2 stands for horizontal and vertical
axis, B, L represent the preset number of bounding boxes and length of Gaussian
distribution, respectively. Consider the fact that there are some sound event
classes in STARSS23 that are not related to people, we pass raw video frame
which is also the start frame of the audio feature sequence into a pre-trained
ResNet-18 [27] model to produce a visual embedding with one dimension of 1000
as additional visual feature. In Fig. 4, we show our overall process for extracting
visual features.

Yolox-Tiny
v yBounding boxes
ResNet-18 Gaussian encoding
Y A
Video frame Gaussian-like
embedding vectors
(1000) (2xBxL)

Fig. 4. The overall process diagram of visual feature extraction.

2.2 Network Architecture

Audio Encoder. The audio encoder architecture in our audio-visual fusion
SELD network is shown in Fig.5. To better catch the relevant information of
different sound event categories in audio features, we introduce a depth-wise
separable convolution (DSC) block composed of two depth-wise 2D convolution
with kernel sizes of 3% 3 and 5 x5, respectively, and a point-wise 2D convolution
with kernel size of 1 * 1 to perform channel fusion, shown in Fig. 5(right). In
audio encoder, a DSC block with F filters is used to up-sample the input audio
channel. After that, time and frequency down-sampling blocks also employing
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F filters are used to learn intra-channel features and reduce dimension size for
feature fusion. While the use of filters spanning all the channels make the encoder
to learn inter-channel features. For time and frequency down-sampling block in
Fig. 5(left), a DSC block is first used to further encode the audio feature. Then,
we use both 2D convolution with different strides and kernel sizes, and max-
pooling to down-sample audio feature in time and frequency dimensions. The
feature after 2D convolution and max-pooling are added as a residual connection.
The kernel size used in 2D convolution is 55, 3% 5, 3% 3 with stride 4 x4, 2 x4,
2% 2 respectively. Padding is adaptively used for getting a proper dimension. The
kernel size for Max-pool is same as the stride in 2D convolution. Among these
blocks, rectified linear unit activation and batch normalization are inserted to
introduce nonlinear characteristics. After audio encoder, we average the output
along the time dimension to generate audio embedding F,, with 77 x F' dimension.
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Fig. 5. The modules of audio encoder (left), the structure of DSC block (right).
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Visual Encoder. As the video object Gaussian-like vectors and raw video frame
embedding have been both pre-processed, we use two fully connected layers to
encode them into visual embedding. It should be noted that the dimension of
different modalities embedding must be consistent in order to be fused. For
Gaussian-like vectors, we first adjust them to one-dimensional and map them to
the same dimension as audio embedding using one of fully connected layers. In
order to further encode the video frame embedding of the pre-trained ResNet-18
model, an intermediate dimension is set. Then, We expand and repeat their time
dimensions to get Fy,, Fyy with T7 X F' dimension same as Fy. We display the
visual encoder structure in Fig. 6.

(2xBxL) (1000)

bk Sl |
| Fc layer : | Fc layer :
I I
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| \ 4 | | \ 4 |
| Fc layer : | Fc layer :
! /! !
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v
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|
v v

E) . (TaxF) F'vf

Fig. 6. The structure of visual encoder.

Decoder. In Fig. 7 we display the composition of the decoder. For data fusion,
we adopts a late fusion paradigm as mentioned before. We straightly concatenate
F, with F,, and F) s respectively considering the complexity of the model. Then,
we separately pass them into two bidirectional RNN layers for learning temporal
context information. Each of RNN layers use 256 nodes of gated recurrent units
(GRU) in our work specifically. After that, the two parts are added to obtain the
fusion embeddings Fy,. A fully connected layer is used subsequently to map the
F,, into output dimension. Due to time down-sampling used in audio encoder, an
up-sampling operation called interpolate in the temporal dimension is conducted
to ensure the output size is consistent with label temporal dimension T'. At last,
the output result is reshaped into Multi-ACCDOA format, 3 x 3 x N x T, where
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3 represent the maximum number of simultaneous sound events in a frame and
the coordinates of x, y, and z, respectively, N is the number of sound event
categories.

Multi-ACCDOA
Output
(3x3xNxT)

Fig. 7. The structure of decoder.

Loss Function. Auxiliary duplicating permutation invariant training (ADPIT)
[13] is used as loss function in our work. ADPIT extends class-wise PIT by
duplicating the original target as the auxiliary targets of the other tracks, rather
than zero vectors might interfere the optimization of multi-ACCDOA training.
The formula for class-wise ADPIT loss is:

PIT __ ACCDOA
£ = S o
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N
1 R
ACCDOA
la,ct - N ZMSE(PZ,ncUPnCt)? (5)
n

where a € Perm(ct) is one possible class-wise frame-level permutation at class
c and frame ¢. P}, ., and Py,.; represent an ACCDOA target of a permutation
a, an ACCDOA prediction at track n, class ¢, frame ¢, respectively.

3 Experiments

3.1 Dataset

The Sony-TAu Realistic Spatial Soundscapes 2023 (STARSS23) dataset com-
prises multichannel recordings of sound scenes captured in diverse rooms and
environments. It includes temporal and spatial annotations of significant events
associated with a predefined set of target classes. The dataset provides two
formats of audio data: 1) First-Order of Ambisonics; 2) tetrahedral microphone
array. Furthermore, STARSS23 provides simultaneous 360° video recordings that
are precisely aligned in both space and time with the microphone array record-
ings. This additional feature allows for a comprehensive understanding of the
audio-visual scene. The STARSS23 dataset consists of real-world scene records,
displaying notable variations in sound event sample density and the occurrence
of each class. There are total 13 annotated target sound event classes and in
which up to 3 simultaneous events can occur. During the development stage, we
train our proposed model on the training set of STARSS23, and evaluate those
systems using test set of STARSS23. Finally, the best models of our proposed
method are evaluated on the blind test set.

3.2 Hyper-parameters

The First-Order of Ambisonics (FOA) format audio data used in all experiments
is sampled at a frequency of 24 kHz and have four channels. A random audio
clip of 1.27s is chosen and subjected to the Short-time Fourier Transform using
a hop size of 240 and an FFT size of 512. During testing, the audio clips are
divided into non-overlapping segments of fixed length, specifically 1.2s each.
The video frames per second is 29.97 and resolution is 1920*960. We reshape
the video resolution to 360*180 to reduce the calculation cost. The first video
frame of every audio clip is used for object detection and raw frame input. We
set the threshold of detected bounding box confidence as 0.1 and up to six boxes
corresponding to person are selected to obtain Gaussian-like vectors. When there
are fewer results than six in current frame, we assign zero vectors as auxiliary
targets. The threshold of each sound class for mapping the predicted results to
true or false is all set to 0.3. Adam optimizer is used with a le-6 weight decay.
The learning rate is set to 0.001, reducing by 0.5 times every 10000 epochs. The
max epochs for training the model is 40000.
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3.3 Evaluation Metrics

For evaluation, we use official evaluation metrics [28] to evaluate the SELD
performance. The SELD score is computed by

LEcp
180°

SELD = %(ERQOO + (1 — Fao) + + (1 - LRep)), (6)
where location-dependent error rate (F Rags ), location-dependent F-score (Fago ),
class-dependent localization error (LE¢p), localization recall metric (LRcp) are
the official SELD metrics. Here, LEcp represents the average angular distance
between predictions and references belonging to the same sound class, LRcp
measures the true positive rate, indicating the proportion of predicted posi-
tions correctly identified within a specific class, relative to the total number of
occurrences of that class. The metrics ERogo, Fogo are utilized to evaluate the
detection performance, where 20° represents spatial threshold. To be considered
a true positive, the predicted angular error from the ground truth must be less
than 20° for both ERspe and Fbgo. The evaluation metrics employ a class-wise
average known as macro-averaging, which assigns equal weight to each class and
places greater emphasis on the system’s performance in smaller classes.

3.4 Experimental Results

Due to the recent introduction of SELD’s audio-visual track in DCASE 2023 and
the limited literature on it, we have chosen the official baseline to test the perfor-
mance of our proposed method. Table 1 shows the performance of our proposed
method compared with the baseline model in development stage including audio-
visual and audio-only. The first column indicates the principal changes differen-
tiating from baseline model. From the table, all the modified models outperform
the baseline model. From the third row, we can see that residual connection
in audio encoder brings improvement compared to audio-visual baseline model.
The addition of DSC blocks further reduces the F Roge and raises the Fbgo, which
indicates the DSC block is able to help distinguish the different sound classes.
After that, the use of additional video frame embedding improves localization
performance, which means video frame embedding can provide additional loca-
tion cues. Finally, the model ensemble strategies are utilized to improve the
generalization ability and better results are achieved by combining the predic-
tions of different models. In our work, we average the predicted results of two
models with lowest SELD score to obtain the best performance showed in the
last row of Table 1 audio-visual part.

Since the limited quantity of the dataset and the lack of effective data aug-
mentation methods, the performance of audio-visual track is constrained com-
pared to previous audio-only methods usually benefitting from extensive data
augmentations. For comparison, we also show the evaluation results on develop-
ment dataset with audio-only input below in Table1. The audio-only systems
are implemented with the same network architecture on the same training data,
i.e., STARSS23 development set, similar to audio-visual system but lack of visual
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Table 1. Development Evaluation SELD Results.

Audio-Visual Model SELD score | ERsqgo | Fago LEcp | LRcp
MIC_Baseline 0.755 1.08 10.8% |59.8° |28.5%
FOA _Baseline 0.710 1.07 14.3% |48.4° |35.5%
With Res 0.689 1.03 15.4% |46.1° |37.8%
With DSC 0.672 0.96 |16.6% |46.6° |36.3%
With F, s (Proposed) 0.660 0.97 16.0% | 44.9° | 41.8%
With ensemble (Proposed) | 0.654 097 |17.1% 44.1° |42.7%
Audio-only Model SELD score | ERoqgo | Fago LEcp | LRep
MIC _Baseline 0.768 1.06 | 9.7% |70.3° |28.1%
FOA Baseline 0.716 1.00 14.4% 1 60.0° |32.7%
Proposed 0.698 0.98 | 14.4% |61.6° |38.6%

module. Compared with audio-visual models in Table 1, the results indicate that
visual cues are able to make predictions more accurate by providing complemen-
tary information. In addition, the introducing of DSC block and other modifi-
cation in our proposed method indeed improve SELD performance, even better
than audio-visual baseline model.

For DCASE challenge, the most important criterion for evaluating the per-
formance of a model is to compare the results of the model on a blind test set.
We used the predictions of the blind test set based on our proposed method and
its ensemble way mentioned earlier as our submitted systems. The evaluation
results on the blind test set are summarized in Table 2. It is observed that the
performance of our proposed method outperforms the baseline methods on the
blind test set.

Table 2. Evaluation SELD Results on Blind Test Set.

Model SELD score | ERsqgo | Fago LEcp | LRep
MIC_Baseline 0.776 1.20 9.9% | 58.5° |32.3%
FOA _Baseline 0.725 .10 [11.1% |47.2° | 35.2%
Proposed 0.718 1.04 | 11.9% |49.5° |32.4%
With ensemble (Proposed) | 0.715 1.05  |12.7% | 47.8° |33.0%
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4 Conclusion

This work have introduced our proposed audio-visual fusion method based on
CRNN for SELD task. For introducing visual cues, we perform object detection
on the video frame corresponding to the start frame of the audio feature sequence
and pass it into a pre-trained ResNet-18 model to produce visual feature. Then,
fully connected layers are used to align the visual and audio embedding dimen-
sions for subsequent feature fusion. Additionally, we devise a more powerful
convolution block by exploring a depth-wise separable convolution with multi
kernel sizes, aimed at distinguishing different sound event categories in SELD.
We have evaluated our method during development stage and the experimental
results show the introduction of visual cues indeed outperform audio-only app-
roach. Compared to the task3 of DCASE 2023 baseline, the modification in our
method further improve the SELD performance. On the official blind test set of
the task3 of DCASE 2023 challenge, our proposed method also outperforms the
baseline method and ranks fourth place.
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