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Abstract

Space channel squeeze excitation module

In the task of sound event detection and localization (SEDL) in a complex environment, the acoustic signals of differ-
ent events usually have nonlinear superposition, so the detection and localization effect is not good. Given this, this
paper is based on the Residual-spatially and channel Squeeze-Excitation (Res-scSE) model. Combined with Multiple-
scale Convolutional Recurrent Neural Network (M-CRNN), the Res-scSE-CRNN model is proposed. Firstly, to solve the
problem of insufficient extraction of time-frequency feature in single-size convolution kernel, multi-scale feature
fusion is carried out by using the feature hierarchy of the convolutional neural network to improve the accuracy of
detection. Secondly, aiming at the problem of overlapping audio event localization accuracy is not high, with Res-
scSE to replace common convolution module and add residual structure to strengthen the feature extraction, and
combining with an attention mechanism to enhance neural network channels and spatial relationships, to improve
the network to extract the characteristics of directivity, achieve the goal of the overlapped audio localization. In this
paper, experiments are carried out in the open dataset DCASE2019, and evaluation indicators are used to analyze the
effectiveness of the proposed model and baseline model in the detection and localization of audio events. The results
show that compared with the M-CRNN model, the detection error rate of Res-scSE-CRNN model is reduced 4%, the
F1-Score is increased 3.4%, the localization error is reduced by 22.8°, and the frame recall rate is increased 3%.
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1 The introduction

Sound as an important medium of information trans-
mission has always been the focus of the majority of
researchers. Sound is penetrating; it is not affected by
light and can navigate around obstacles as it travels. The
system based on SEDL has the advantages of small size,
and high security in intelligent medical care, smart home,
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and security monitoring [1] aspect has a wide application
prospect.

SEDL contains two tasks. One is to classify and iden-
tify sound events in a specific environment and mark the
start and end time of each sound event to realize sound
event detection (SED). The other is to estimate the cor-
responding spatial localization trajectory of sound events
in a specific environment, namely directions of arrival
(DOA) azimuth and elevation. In the early days of SED
research in the 1920s and 1980s, SED algorithms based
on traditional machine learning dominated, Mesaros
et al. [2] modeled various audio events through Hidden
Markov Model(HMM) and then locate the start and end
times of audio events. Although this method is effec-
tive, the decoding calculation is huge. Therefore, with
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Nonnegative Matrix Factorization(NMF) [3] and ran-
dom forest [4] the SED method can reduce the amount of
computation and achieve good results in the early small
sample set. However, in traditional machine learning
methods, complex feature engineering is often needed to
extract audio signal features.

In the 21st century, the emergence of deep learning
technology brings new development opportunities for
SEDL. Literature [5] proposes that the Convolutional
Neural Network (CNN) learning framework can auto-
matically learn features from audio sample data, which
overcomes the disadvantage of manual extraction of
audio features in traditional machine learning. VU et al.
[6] proposed that a Recurrent Neural Network(RNN) is
used to learn the temporal correlation of environmental
sound signals, and to model the short-term and long-
term dependence of time frames, which has achieved
good results. Song Jiannan et al. [7] built a binarization
Network system based on Deep Neural Network (DNN)
for SED, which reduces the occupation of computer
resources and has a good detection effect. This is because
the CNN-based method cannot effectively capture the
long time dependence of audio segments in SED tasks.
To solve this problem, Cakir et al. [8] proposed a Convo-
lutional Recurrent Neural Network (CRNN) obtained by
combining CNN and RNN for multi-sound event detec-
tion, and the powerful feature extraction ability of CNN
can be used to extract frequency invariant features. Bidi-
rectional RNN is used to obtain the long-time informa-
tion about sound events, and the detection performance
is better. Literature [9] proposed a three-dimensional
CRNN model to extract Generalized Cross Correlation
(GCCQ) variation features between multi-channel audio
pairs and learn interchannel features, to identify overlap-
ping audio events more quickly and achieve better SED
effects in less training time. Compared with mono audio,
the performance of the model is significantly improved.
Kong Q et al. [10] also proposed a CRNN model based on
a time-frequency segmentation framework to train weak
label data to reduce the influence of weak label datasets
on poor model detection. Therefore, the CRNN model
became the most widely used model in the SED field at
that time.

As neural networks based on attention mechanisms
are widely used in text classification and emotion clas-
sification tasks, some researchers also introduce atten-
tion mechanisms into SED tasks, such as Turab et al. [11]
combined the latest capsule Network (CapsNet) model
and the attention mechanism to learn the most signifi-
cant features of audio signals to detect large-scale weak
label audio events, and a breakthrough was achieved in
DCASE. Liping Yang et al. [12] proposed a sound event
detection method (ATCC-CRNN) to solve the CRNN
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sound event detection model trained in an end-to-end
manner cannot constrain the functions of CNN and
RNN structures functionally. The results show that the
proposed ATCC-CRNN method promotes the function
division of the CRNN model and improves the generali-
zation ability of the CRNN sound event detection model
effectively.

Yuzhan Huang et al. [13] proved that neither simple
wavelet transform nor simple Kalman filter can satisfy
the demand of denoising in the case of uncertain noise
distribution. Many researchers have introduced multi-
scale methods based on attention and achieved good
research results in SED, such as Lee ], et al. [14] proposed
using the combination of multi-level and multi-scale fea-
tures is highly effective in music auto-tagging because
of the music auto-tagging is distinguished from image
classification in that the tags are highly diverse and have
different levels of abstraction. The method outperforms
the previous state-of-the-art methods on the MagnaT-
agATune dataset and the Million Song Dataset. Chen
Xinxing et al. [15] proposed Multi-scale feature fusion
and channel weighting methods are proposed to improve
the classification performance of SED models effectively.
QiuPeng et al. [16] proposed multi-scale attention fusion-
based SED method to reduce the influence of noise in
the feature of sound time-frequency graph and fuse the
feature with multi-size convolution kernel. This network
model has higher recognition accuracy than the tradi-
tional SED model. Han Xinyuan et al. [17] built Ghost
convolution time-frequency segmentation attention net-
work model. Among them, compared with ordinary con-
volution, Ghost convolution uses fewer parameters and
saves computing resources.

Trowitzsch I et al. [18] proposed an approach that
robustly binds localization with the detection of sound
events in a binaural robotic system. The use of spatial
stream segregation which produces probabilistic time-
frequency masks for individual sources attributable to
separate localizations, enabling segregated sound event
detection operating on these streams.

With the wide application of deep learning technol-
ogy in the field of signal processing, DOA estimation
by deep learning technology can be well combined with
other tasks. For example, Cao et al. [19] proposed a
two-stage strategy which training single SED and DOA
models, and DOA outputs are obtained by using SED
outputs as masks. This scheme is significantly better
than the CRNN baseline model trained together. Ran-
jan et al. [20] proposed the method of ResNet combined
with RNN for SEDL, which improves the detection and
localization performance based on avoiding network
degradation. Tan et al. [21] proposed the ResNet fusion
RNN and delay estimation algorithm for SEDL on this
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basis, which not only ensures the detection accuracy,
but also reduces the error of localization estimation.
In 2020, Naranjo-Alcazar et al. [22] proposed squeeze
excitation fusion CNN method for SEDL, which
achieves excellent detection and localization results in
overlapping audio events.

To sum up, the existing SED methods based on neu-
ral networks have higher detection accuracy compared
with traditional SED methods, but they involve a large
number of parameter calculations, resulting in large
storage space and a long forward reasoning time. To
reduce the number of parameters of the neural net-
works and improve the SED performance, a multi-
scale convolution fusion RNN method is proposed.
The method adopts multi-scale convolution fusion to
obtain more advanced features from the time domain
and frequency domain of audio, and has higher detec-
tion accuracy with less number of parameters. With
the deep processing of the input features, the neural
network can get more advanced feature outputs with a
stronger ability to express information. But at the same
time, because the gradient of backward transmission
becomes unstable, it will also be accompanied by gradi-
ent explosion or gradient dispersion. The performance
of the network is reduced and the convergence speed is
slow, resulting in a decrease of SEDL accuracy. Because
of the above problems, this paper proposes the method
of ResNet integrating attention mechanism and RNN to
introduce attention mechanism to avoid the loss of key
channel features and improve the overall performance
of the model under the condition of reducing network
degradation.
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2 M-CRNN model construction
2.1 Network structure of M-CRNN
CNN performs well in the application of image classifi-
cation and segmentation. In the case of audio features,
it is also a two-dimensional image that is fed into the
computer for processing. Therefore, different feature
images of sound events are processed by the image pro-
cessing method, and the processed image features are
sent to CNN for training to output the category labels
of the events. In addition to CNN, RNN has strong per-
formance in processing sequence data. Gated Recurrent
Unit (GRU) is a variant network in RNN that can effec-
tively capture the contextual characteristics of time series
and perform better in longer series. The structure of the
Bidirectional Gating Recurrent Unit (Bi-GRU) makes the
whole GRU more powerful, making the current moment
hidden state not only related to the previous moment
hidden state but also related to the future moment’s hid-
den state. Extract global context information and output
long-term and short-term dependency characteristics.
In the SEDL model, the input characteristics are time-
series-dependent spectral characteristics. Using the net-
work based on time interdependence, the characteristic
information of each moment and its sequence can be
trained. Compared with the simple CNN network, the
network combined with CNN and RNN has a stronger
time information processing ability. The schematic
diagram of the CRNN network structure is shown in
Fig. 1 [23].

The CRNN network structure in Fig. 1 includes four
major parts: The first part is feature extraction, which
mainly obtains two groups of different classification
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Fig. 1 Structure diagram of CRNN
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features from two different datasets, namely, log-mel
spectrum and sound intensity vector spectrum from
FOA dataset and log-mel spectrum and generalized
cross-correlation spectrum from MIC dataset. In the
experiment part, only one group can be selected as the
feature input of the network layer. The second part is
a 3-layer two-dimensional convolution layer, and the
convolution kernel of each convolution layer is 3 x 3.
The convolutional layer learns the displacement invari-
ant features from the input features, and after the non-
linear operation of the ReLU activation function, the
features are processed by Batch Normalization and
max-pooling. The Max Pool of each layer is respec-
tively. The third part is the two-layer GRU layer, which
learns the time-frequency structure from the feature
whose output is 128 in the upper layer, and obtains
deep information input to the next layer network
through the nonlinear operation of the Tanh activation
function. The fourth part is to learn SED and DOA esti-
mation through two independent branches of two fully
connected layers. The SED output layer has a linear
activation function and a sigmoid activation function,
and the output corresponds to the time activity of C
kinds of sound events under time-frequency. Similarly,
the DOA output layer also has a linear activation func-
tion and Tanh activation function, which output DOA
trajectories corresponding to C kinds of acoustic events
at the same time resolution.

Since convolution kernels at different scales can learn
deep features at different scales, and because of the insuf-
ficient feature extraction of single-scale convolution
in CRNN, this paper replaced the convolution layer of
CRNN with a multi-scale fusion convolution module and
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proposed the M-CRNN model, the structure of which is
shown in Fig. 2.

In Fig. 2, four groups of parallel convolution kernels
of different scales are used to extract features from the
time domain and frequency domain respectively, and the
fused features are input into the GRU network. SED and
DOA are output after the sigmoid activation function
and the tanh activation function.

2.2 Multi-scale feature extraction module

Due to the single-scale design limits the capability of
model feature extraction to a certain extent, even if the
same type of event may have different durations, and the
components of sound time and frequency are distributed
differently. In order to meet the requirements of com-
plementation and enhancement of features of the same
acoustic event at different scales, the structure and net-
work parameter Settings of the multi-scale convolution
model proposed in Fig. 2 are shown in Fig. 3.

In Fig. 3, the multi-scale fusion module adopts four sets
of parallel convolution branches to extract features from
time-frequency graphs. Convolution at different scales
is complementary to each other to improve the learning
ability of the model for different features. Convolution
n x n is replaced by 1 x 1, convolution and # x 1 convo-
lution, and # represents the number of convolution ker-
nels, saving the cost of calculation time.

The first group of parallel CNN branches has only
one convolution layer, and the convolution kernel size
is 1 x 1. After convolution, the features are sent to the
BN layer for batch training. BN parameter is set to 32,
and then output to Max Pool for dimensionality reduc-
tion through the nonlinear operation of ReLU activation
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Fig.2 M-CRNN model
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Fig. 3 Multi-scale fusion module

function. The second group of parallel CNN branches
has three convolution layers, and the convolution kernel
size is 1 x 1,1 x 3, and 3 X 1, respectively. BN is carried
out after each convolution operation, and parameter set-
tings are 32, 64, and 32, respectively. The ReLU function
is used for activation function. The third group of parallel
CNN branches also has three convolution layers, and the
convolution kernel size is1 x 1,1 x 5, and 5 x 1, respec-
tively. The features are still sent into the BN layer after
each convolution operation, and the parameter setting
and activation function are the same as those of the sec-
ond group. The fourth group of parallel CNN branches
also has three convolution layers, and the convolution
kernel size is 1 x 1,1 x 7, and 7 x 1, respectively. BN is
carried out after each convolution operation, and the
parameter setting and activation function are the same
as the previous group. Frequency domain features are
obtained by frequency domain convolution, and time-
domain features by time-domain convolution. 3 x 1,
1 xn(n=3,5,7) is used to obtain frequency domain
features, and n(n = 3,5,7) x 1 is used to obtain time-
domain features.

3 Res-scSE-CRNN model construction

To enhance the expression of channel feature and spatial
feature information and avoid network degradation, the
attention mechanism fusion module and residual struc-
ture are presented in this part. Based on the M-CRNN
model in Part 2, the localization performance needs to
be improved. The Residual-spatially and channel Squeeze
Excitation Recurrent Neural Network(Res-scSE-CRNN)

model is constructed to improve localization
performance.

3.1 Residual structure

With the deepening of the network layer, the gradient
used for reverse transmission in the network will appear
very small with continuous multiplication, resulting
in the disappearance of the gradient, and the shallow
parameters cannot be updated. In the process of neural
network training, it is usually hoped to achieve a better
learning effect by choosing deeper network structure
than a shallow one. However, with the increase in depth,
the model is difficult to learn more than five mapping
parameters correctly, and the redundant network layer is
easy to cause network degradation [24].

To solve the above problems, this paper proposes to use
the characteristics of ResNet, that is, to train the deeper
network with fewer parameters, to reduce the problem of
gradient disappearance and degradation. The structure of
ResNet is shown in Fig. 4.

In Fig. 4, x is the input of ResNet and F(x) the output
after linear operation of two convolution layers and non-
linear activation of the activation function. The calcula-
tion method is as follows:

F(x) = wio (wj—1x) (1)

where w; is the value of ilayer weight, where i = 2, o (x)
represents ReLU activation function.

It can be seen from Eq. (1) and Fig. 4 that the learning
objective becomes F(x) = H(x) — x and it can be seen
that when ResNet is used to design the network layer, the
network layer is optimized, and the fast connection does
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not add more parameters, nor does it add extra comput-

| X ing cost.
3.2 Spatially and channel Squeeze-Excitation
Acoustic events are complex and diverse, so it is key to

detect acoustic event categories and estimate acoustic
source orientation to extract their directional features.
Wel ght W The neural network model of attention mechanism pays

1 more attention to effective information, ignores invalid
information and extracts advanced features, so it is suit-
able for detecting and locating sound events.

In the baseline model CRNN, although the convolution
ReLU kernel can be used to integrate the information of feature
map spatial dimension and feature map dimension in the
local receptive field, spatial and channel feature mapping
cannot be independently learned. To solve this problem,
the spatially and channel Squeeze-Excitation (scSE) mod-
ule is added to the base model CRNN. The advanced fea-
Wel ght W ture diagram is obtained by compressing and weighting

2 the channel characteristics. To enhance the channels that
contribute more to classification and suppress the chan-
nels that contribute less to classification, the information
F(x) on the localizations that play a key role in classification

can be improved. The following describes the construc-
v tion process of the scSE module.

Squeeze-and-Excitation network (SE) [25, 26] is the
F(x) +x feature mapping of independent learning Spaces and
channels. scSE is a variant of SE. It is a novel network
architecture combined with the spatially Squeeze-Exci-
tation (sSE) model and the channel Squeeze-Excitation
ReLU (cSE) model. In this module, the channel and spatial rela-
tionship are considered at the same time, and the outputs
of sSE and cSE are added and added to enhance the spa-
v tial coding ability of the convolutional layer network and
improve the recognition effect of the neural network. The

sSE model and cSE model are presented below.

In Fig. 5, the sSE model uses the convolution kernel
size to realize the effects of channel excitation and spa-
tial excitation, and the model introduces the attention

Fig. 4 Schematic diagram of ResNet structure

o(q)

Fig.5 sSE model
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mechanism from the perspective of spatial relations. The
featured graph of HxWxC is subjected to a nonlinear
operation of 1x1x1 convolution dimension reduction
and sigmoid function activation. After feature recalibra-
tion, output I by multiplying the corresponding space
of dimension U. Such as W, € RP1*; output ¢ through
q = WU, q is the feature tensor with channel num-
ber 1, and finally normalized to [0-1] through sigmoid.
The operation function expression of this process is as
follows:

Usse = Fysp(U)

N 2)
= [o(qi,)u", . o (qiu”, ..o (quw)u™V ]

where o (g;;) represents the importance of (I, j) in the
feature graph.

In Fig. 6, the cSE model uses the mutual stimulus
between channels to build a feature mapping channel
interdependence model. Inserting this module at a spe-
cific point in the network can get better results than the
original advanced network, which has been well verified
in the image classification task. Firstly, the unique fea-
ture map U of each channel was obtained by the global
average pooling method, and the ReLU activation func-
tion was used to enhance the independence of each chan-
nel through two full connection layers with different
weights, and the value was normalized to [0,1] through
a sigmoid layer. That is, input U=[u;, uy, ..., uc] into the
channel, where the operation process of each channel is
u; € RV and the k value of each localization U output
through the global pooling layer can be calculated by:

1 H W

Zi =15 2D ki) 3)
i

5 = Wi(o (Waz)), Wi € RP, Wy € P (4)

where Z represents the importance of the feature of the
i channel, p represents the ratio parameter, and W7, W»
represent the weight of two fully connected layers. The
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independence of each channel is enhanced through
the ReLU activation function and finally obtained o(z)
through sigmoid normalization between 0 and 1. The
process is calculated as follows:

U,sp = Fese(U)

= [0 (21)u1,0(22)ua, ..

(5)

.o (éc)uc]

Since sSE model takes spatial structure into account and
¢SE model takes channel arrangement into account, this
paper establishes scSE model by adding and summing the
outputs of the two models. The expression is as follows:

Usese = Usse + Uese (6)

The scSE module established in this paper is shown in
Fig. 7.

Add the scSE module shown in Fig. 7 to ResNet, which
is added after the Exponential Linear Unit(ELU) activa-
tion function.

The scSE model combines the advantages of sSE and
cSE to recalibrate feature maps from spatial and channel
dimensions and combine the output information of the
two modules to improve the detection effect of acoustic
events.

3.3 Network model construction based on residual
attention mechanism fusion
Considering the characteristics of ResNet structure, scSE,
RNN and full connection layer, the Res-scSE-CRNN net-
work structure proposed in this paper is shown in Fig. 8.
In Fig. 8, Res-scSE module is used to replace the convo-
lution layer of CRNN network model to achieve the pur-
pose and effect of high accuracy of SED and DOA. Two
Bi-GRU layers were set up to obtain context informa-
tion, and then the features extracted were dimensionally
reduced through the full connection layer. Through the
nonlinear operation of the sigmoid activation function
and Tanh activation function, the categories of sound
events and azimuth estimation were output respectively.

Cllp

Fig. 6 cSE model
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Fig. 8 Res-scSE-CRNN model

Log-mel harmonic strength vector and log-mel and
GCC-PHAT features were used for input.

The improved Res-scSE module is shown in Fig. 9.

As you can see from Fig. 9, the module creates two
jump connections before and after SE calibration. This
double-jump connection allows the network to learn
residual maps with and without SE recalibration simulta-
neously, and residual learning facilitates the training pro-
cess by alleviating the gradient disappearance problem.

3.4 Evaluation indicators
Error rate (ER), F1-Score, Doa Error (DE), and frame recall
rate (FR) are often used as indicators to evaluate the SEDL,

and these four, indicators are used in this paper to evaluate
the detection and localization effects of SEDL model.

(1) Evaluation index of detection

FI1-Score and ER were used to evaluate the detection per-
formance, as shown below:

The FI-Score is the harmonic average of accuracy Pand
recall. Where the accuracy calculation formula is:

K
> TP(k)
. k=1
P= K K @)
> TP(k) + 3 FP(k)
k=1 k=1
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In the formula, TP is the true positive sample. In the k
frame, the system predicted positive and actually posi-
tive; FP is a false positive sample, positively predicted by
the system but negative in reality; FN represents a false
negative sample, which is predicted by the system to be
negative but actually positive.

The recall is expressed as:

K
TP (k)
R=—4 = K (8)
> TP(k) + > FN(k)
k=1 k=1

The FI-Score is obtained by calculating P and R. The rela-
tionship between the two is:
2PR

F1 — score = ——

P+R ©)

FI1-Score can be calculated according to the following
formula:

F1 — Score =
>
2> TP(k)
k=1 (10)
K K K
23 TP(k)+ > FP(k) + > EN(k)
k=1 k=1 k=1
The calculation expression of ER is:
K K K
> S+ 2 Dk + > 1K)
ER = k=1 k]jl k=1 (11)
> N(k)
k=1

(2) Evaluation index of localizations

The localization performance is evaluated using DE
and FR as follows:

The error rate of DOA is calculated as follows:

K
1 k k
- ZH(DOA ,DOAE)

£t is
k=1

DE =

(12)

where Dﬁ represents DOAﬁ the total number of angles at
the kK moment, and H(-) represents the Hungarian algo-
rithm to solve task allocalization.

DOA frame recall rate, the calculation expression is:

K
> 1(Df = D)

FR=Kk=
K

(13)

where Dllg refers to DOAIE the total number of angles
of reference at the Kth event. The calculated result is 1
when the condition is satisfied (ng =D§ ), and the result
is obtained by adding this number over all the moments.

In an ideal environment, ER is close to 0, FR is close to
1, F1-score is close to 1, and DE is close to 0, and the sys-
tem performance is better.

4 Experimental results and analysis

4.1 Experimental environment and dataset

All experiments in this paper were carried out under
the Framework of PyTorch. The experimental equip-
ment adopts the processor Inter(R) Core(TM) i7-9700
CPU@3.00GHz, 32gb memory, 64-bit Windows 10 oper-
ating system, GPU GEFORCE RTX 2080 Ti, and GPU
mode.

The main components of the SEDL model are feature
extraction and M-CRNN. The training dataset is TAU
Spatial Sound Events 2019-ambisonic and Microphone
Array, Development dataset, which contains 400 1-min-
ute recordings sampled at 48kHz and a total of 400
Sound fragments. And divided into four cross-validation
fragments. The dataset provides data in two formats: the
first is MIC format; The second kind of data is the first-
order ambisonic format, namely FOA format.
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Table 1 Layout table of microphone localizations

The microphone ) 0 r (cm)
My 45° 35° 4.2
My —45° —35° 4.2
Mz 135° —35° 4.2
My —135° 35° 4.2
Table 2 Dataset partitioning settings
The microphone Division
Dataset Train Validation Test
Development 34 2 1
MIC format is as follows:
Hm(¢m’ QWD ¢; 0, 6()) =
30 —
1 1 (14)
2n + 1)p,(cos vi)
(wR/c)? HZ:O 1P (wR/c)

where m is the number of channels, (¢, 6,,) is the locali-
zation of azimuth and elevation angle of a specific micro-
phone, w = 27f is the angular frequency, R = 0.042m is
the radius of the array, ¢ = 343m/s is the sound speed,
and cos(yy,) is the cosine angle between the micro-
phone localization and the sound source. py, is the non-
normalized Legendre polynomial of degree N, and n? is
the derivative of the parameters of the second spherical
Hankel function. Table 1 shows the specific localizations
of the microphone array.

4.2 Experimental results and analysis

Feature extraction stage: the size of a frame is set to
40 ms, the frameshift time is set to 20 ms, and the short-
time Fourier points are set to 1024. In the frequency
range of 0 to 22,500 Hz, the log-mel filter bank is set as
64. The microphone array size is 4. When log-mel spec-
trum and GCC-PHAT are selected as the feature input,
the number of channels is 10 groups, and the dataset
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format is MIC. When log-mel spectrum and Intensity
Vector are used as input features, the input channels are
7 groups, and the dataset format is FOA. The division of
the development dataset adopted in this paper is shown
in Table 2.

The batch size for training was 32. The optimized
method is Adaptive momentum(Adam). A total of 50
epochs were trained. After 30 epochs, the model con-
verged to a relatively stable state.

4.2.1 Performance analysis of SEDL by M-CRNN
(1) Analysis of localization and detection effects of
M-CRNN and other models

To analyze the generalization of the proposed model,
ER, FR, F1-Score, and DE were used to analyze Convo-
lutional Neural Network (CNN) model, Convolutional
Recurrent Neural Network (CRNN), some models from
DCASE2019task3 challenge and Multiple-scale Convo-
lutional Recurrent Neural Network (M-CRNN) model
under the datasets of MIC and FOA formats. Make
200 predictions with Monte Carlo simulation to obtain
results. The results are shown in Table 3.

It can be seen from the data results in Table 3 based
on MIC format, compared with CNN, CRNN, some
models from DCASE2019task3 challenge and M-CRNN,
M-CRNN based on MIC format has the best ER and FR
and the best detection performance, while DE index is
not optimal and the localization performance is defi-
cient. Compared with the baseline model CRNN, the
model M-CRNN proposed in this chapter has a decrease
of 0.24 in , an increase in F1-Score and FR, however, the
model experiment results in MIC dataset format show
that M-CRNN model outperforms CRNN model.It can
be seen from Table 3 that the experiment under FOA
format dataset also performs better than the CRNN
model in M-CRNN model and has a stronger model
generalization ability. The corresponding evaluation
indexes performed well in F1-Score, ER and FR, and the
detection performance was the best. The DE index was
slightly higher, and the localization performance needed
to be improved.

Table 3 Performance evaluation of each model based on the dataset in FOA and MIC format

The model name On FOA format dataset

On MIC format dataset

DE (°) FR (%) ER F1-score (%) DE (°) FR (%) ER F1-score (%)
CNN 19.9 813 0.38 753 19.8 753 0.31 81.2
CRNN 21.7 63.9 0.50 63.0 219 63.8 053 62.8
Chytas-UTH 18.6 824 0.29 756 19.8 81.2 031 753
FOA-baseline 24.6 854 0.28 85.7 28.5 799 0.34 854
M-CRNN 279 86.6 0.25 85.0 30.6 854 0.29 834
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(2) Analysis the influence of hyperparameters of feature
extraction on the detection and localization of M-CRNN
model

To more intuitively analyze the influence of M-CRNN
model on SEDL performance, the visual tools provided
by DCASE competition were used to express the esti-
mated information of SED and DOA in the audio seg-
ment in a graph, as shown in Fig. 10.

In Fig. 10, the abscissa represents time and the ordinate
represents the phase. SED reference represents the refer-
ence value of SED and recorded the actual sound event
category. SED predicted value represents the predicted
sound event category. Azimuth reference refers to the
reference value of azimuth angle and records the actual
azimuth angle of the sound source. Azimuth predicted
means the azimuth angle of sound source predicted by
the model. Elevation reference refers to the reference
value of elevation angle, which records the elevation
angle of the actual sound source. Elevation reference
refers to the elevation angle of the sound source pre-
dicted by the model.

As can be seen from Fig. 10, there are four overlapping
segments in the detected audio. In terms of detection,
according to the color comparison between SED Refer-
ence and SED predicted, the sound events in the overlap-
ping part were detected normally with almost no error.
In terms of localization, Azimuth in Azimuth Reference
and Azimuth predicted have a deviation in phase. Eleva-
tion angle in elevation reference and elevation angle in
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elevation predicted also have a deviation in phase. How-
ever, the overall predicted trend of azimuth and pitch in
Fig. 10 is similar to the reference value.

4.2.2 Performance analysis of Res-scSE-CRNN model
for SEDL

This part of the experiment first analyzes the optimal
configuration of residual block and compressed excita-
tion block in the Res-scSE-CRNN model, and discusses
the detection and localization effects of the Res-scSE-
CRNN model with or without the addition of attention
block and different attention module states. The contri-
bution of residual block and squeeze excitation block to
SEDL in Res-scSE-CRNN model is studied, and the opti-
mal value of the ratio parameter p is compared.

The data used in this section is the same as that in
Section 4.2.1.

(1) Analysis the influence of the attention module on
the performance of Res-scSE-CRNN model

The detection and localization effects of Res-scSE-
CRNN model without the attention mechanism and
when sSE, ¢SE, and scSE attention mechanisms are used
are analyzed, Make 200 predictions with Monte Carlo
simulation to obtair results, experimental results are
shown in Table 4.

It can be seen from the data results in Table 4 based
on FOA format, that the addition of modules based on
the SE attention mechanism improves the detection and
localization performance of the Res-scSE-CRNN model,

SED reference Azimuth reference Elevation reference
10— S 50
_| _ 1007 =T +2ma—1 \/ a
5] — 0 0 / >
- Pt \ A
T = +100 N
0 ~— | -50
SED predicted Azimuth predicted Elevation predicted
10— - v " 50 . ¢
100 W A% /_f- I IEAY
T — b : ')
5{ —— 5 0 L 0 / T f
i _ +100 H
0 = —50 ‘T
Fig. 10 M-CRNN model result diagram

Table 4 Model performance comparison under different attention mechanisms based on FOA and MIC format dataset

The model name On FOA format dataset

On MIC format dataset

DE (°) FR (%) ER F1-score (%) DE (°) FR (%) ER F1-score (%)
SSE 7.6 884 0.24 87.8 80 874 0.26 86.8
cSE 75 893 0.25 87.7 79 883 0.28 86.7
scSE 5.1 89.6 0.21 884 55 88.5 0.23 874
Not using attention 135 84.7 0.28 82.1 141 834 0.31 83.1
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while the evaluation indexes of the Res-scSE-CRNN
model without the addition of the attention mecha-
nism are all reduced. For example, the addition of sSE
resulted in a 0.03 decrease in ER, a 5.7% increase in F1-
Score, a 5.9° decrease in DE, and a 3.7% increase in FR
compared with the addition of the attention module. The
¢SE showed a 0.04 decrease in ER, a 5.6% increase in F1-
Score, a 6.0° decrease in DE, and a 3.6% increase in FR
compared to those without the attention module. There-
fore, using spatial attention or channel attention can
improve the performance of the model. Comparing sSE
and cSE, the contribution of the two kinds of attention is
similar. The scSE obtained by fusing two different atten-
tion modules improved significantly in all four indicators.

It can be seen from the data results in Table 4 based on
MIC format, compared with the model performance of
different attention mechanisms for the dataset based on
the MIC format, all the overall indicators decline, but the
decline range is not significant.

(2) Analysis the influence of ratio parameters on the
performance of Res-scSE-CRNN model

The best model “Res-scSE-CRNN of Conv-Standard-
Post config.uration module” obtained in Experiment 1
of this section was used for the comparison experiment.
Experimental parameter setting: Set other hyperparame-
ters as fixed values, which are the ratio parameters in cSE
module. Change the value of ratio parameters to observe
the influence of ratio parameters on the Res-scSE-CRNN
model. Make 200 predictions with Monte Carlo simula-
tion to obtair results, experimental results are shown in
Table 5.

It can be seen from the data results in Table 5 based on
FOA format, when the ratio parameter of the attention
mechanism is 16, the best effect of DE is 4.7; when it is 1,
the best effect FR is 90.1%; when it is 4, ER and F1-Score
are the best, 0.21 and 88.4%, respectively. Overall analy-
sis, two optimal indexes of the four indexes appear when
it is 4, and the difference between DE and the optimal
value is 0.2°, and the difference between FR and the opti-
mal value is a drop of 0.5 percentage points. The results
show that the best performance is achieved when the
ratio parameter p of the attention mechanism is 4.
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It can be seen from the data results in Table 5 based on
MIC format, there is little difference between the model
performance comparison under different ratio param-
eters p based on MIC dataset and that under different
ratio parameters based on FOA dataset.

(3) Comparison of detection and localization perfor-
mance between the Res-scSE-CRNN model proposed in
this paper and other models

ER, FR, F1-Score, and DE evaluation indexes were
used to analyze the SEDL effects of the CNN, CRNN,
M-CRNN models, some models from DCASE2019task3
challenge and Res-scSE-CRNN model proposed in this
paper. Make 200 predictions with Monte Carlo simula-
tion to obtain results, experimental results are shown in
Table 6.

It can be seen from the data results in Table 6 based on
FOA format, compared with CNN, CRNN, M-CRNN,
some models from DCASE2019task3 challenge and other
models based on FOA dataset, Res-scSE-CRNN model
has the best four indicators. In terms of detection, ER of
Res-scSE-CRNN model decreases by 0.04 compared with
M-CRNN model. FR increased by 4.2%, ER decreased
by 0.07 and F1-Score increased by 2.7% compared with
FOA-baseline model. Compared with M-CRNN model,
DE decreased by 22.8° and FR increased by 3.0%.

From the analysis of the overall performance of the
model, it can be found that compared with M-CRNN
model, the Res-scSE-CRNN model is significantly
improved in localization and detection.

It can be seen from the data results in Table 6 based on
MIC format, the performance of different models based
on MIC datasets decreases compared with that based on
FOA datasets.

All the above experimental data are Make 200 pre-
dictions with Monte Carlo simulation to obtair results,
which are of reference value.

To more intuitively observe the influence of Res-scSE-
CRNN model on SEDL performance, visual tools were
selected to draw, and the detection and localization
effects were drawn as shown in Fig. 11.

As can be seen from Fig. 11, 8 different sound events
and their related azimuth and elevation were detected in

Table 5 Model performance comparison under different attention mechanisms based on FOA and MIC format dataset

P On FOA format dataset On MIC format dataset
DE (°) FR (%) ER F1-score (%) DE (°) FR (%) ER F1-score (%)
1 49 90.1 0.22 879 5.0 89.1 0.25 86.7
2 48 89.3 023 88.3 49 88.3 0.26 874
4 49 89.6 0.21 884 53 88.6 0.23 873
8 5.0 88.9 0.22 856 5.1 879 0.25 84.5
16 4.7 89.0 0.23 86.7 4.9 88.0 0.24 85.6
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Table 6 Performance comparison of each model on FOA and MIC format dataset
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The model name

On FOA format dataset

On MIC format dataset

DE (°) FR (%) ER F1-score (%) DE (°) FR (%) ER F1-score (%)
CNN 19.9 813 038 753 19.8 753 0.31 81.2
CRNN 217 639 0.50 63.0 219 63.8 0.53 62.8
Chytas-UTH 18.6 824 0.29 75.6 19.8 81.2 0.31 753
FOA-baseline 246 854 0.28 85.7 285 799 034 854
M-CRNN 279 86.6 0.25 85.0 30.6 854 0.29 834
Res-scSE-CRNN 5.1 89.6 0.21 884 53 88.6 0.23 873
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Fig. 11 SEDL result diagram

this audio clip. In terms of detection, compared with the
reference value of SED, the predicted value of SED in the
Fig. 11 was accurately identified. In terms of localization,
the deviation between the predicted value of Azimuth
and the reference value of Azimuth and the predicted
value of Elevation in Fig. 11 is relatively low.

5 Conclusions

Aiming at the insufficient feature extraction of CRNN
model at a single scale, a sound event detection and
localization method based on M-CRNN was established
based on M-CNN structure of multi-scale convolution
fusion combined with RNN. The results show that the
ER, F1-Score, DE, and FR of M-CRNN network model
are 0.25, 85.0%, 27.9°, and 86.6% on FOA dataset. In

MIC dataset, ER, F1-Score, DE, and FR are 0.29, 83.4%,
30.6°, and 85.4%, respectively. Compared with other
SEDL models, the SE models are superior to most other
acoustic event detection and localization models. It can
be seen that this method has some advantages in SEDL
research, but its localization performance is insufficient.
Although the detection effect of M-CRNN proposed
in this paper is good, the localization effect still needs
to be improved on the basis of enhancing the expres-
sion of key channel features and spatial features and
avoiding network degradation. Therefore, a Res-scSE-
CRNN sound event detection and localization method
based on residual fusion attention mechanism is pro-
posed. The results show that the ER, F1-Score, DE, and
FR of Res-scSE-CRNN model on FOA dataset are 0.21,
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88.4%, 5.1°, and 89.6%, respectively. In MIC dataset, ER,
F1-Score, DE, and FR were 0.23, 88.4%, 5.6°, and 88.6%,
respectively. Compared with other SEDL models, Res-
scSE-CRNN model showed significant improvement in
detection and localization effect, especially in localiza-
tion performance.
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